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This thesis investigates MARS spectral CT technology for preclinical orthopaedic applications.
Current CT methods for orthopaedic imaging have limited success due to their to inability
to quantify tissue types and contrast media, and in reducing metal artefacts arising from or-
thopaedic implants. Spectral CT has the potential to quantify contrast media for cartilage
evaluation, to quantify strontium in additive-manufactured scaffolds, and to reduce CT image
artefacts. This thesis is presented in two parts, with the first half focussing on MARS image pro-
cessing techniques, and the second half focussing on preclinical studies on cartilage imaging
and metal implant imaging.
A projection-space image denoising algorithm for MARS multi-energy data was developed dur-
ing my research. Image noise in the acquired data corrupts the information required for multi-
energy CT reconstruction, material discrimination, and image analysis. The benefits of this
denoising technique were demonstrated on data from preclinical studies such as metal implant
imaging, atheroma imaging, and contrast molecular imaging. Image segmentation methods us-
ing component analysis techniques were developed for a hybrid-CT setup, and were also used
for material characterisation in an additive-manufactured polymer scaffold used in regenerative
medicine.
Quantitative cartilage imaging using spectral CT was demonstrated using bovine cartilage and
osteoarthritic human cartilage samples. A contrast media used as an inverse marker of gyl-
cosaminoglycans (GAG) in cartilage enabled cartilage-bone differentiation and material quan-
tification. The results were compared with cartilage histology stained for GAG.
Metal artefact reduction through high-energy acquisition using MARS was demonstrated. Sam-
ples made from titanium and cobalt-chromium alloys in the form of phantoms, small implants
and 3D-printed porous scaffolds were imaged. Metal artefacts were quantified in the multi-
energy data using appropriate CT image metrics.
In conclusion, this thesis has developed imaging strategies and image processing methods us-
ing MARS small-animal modalities to demonstrate the potential of spectral CT for quantitative
cartilage imaging, for reducing metal artefacts in orthopaedic implants, and for non-destructive
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7. Alexander Chernoglazov, Niels de Ruiter, Harish Mandalika, Christopher Bateman, Kishore
Rajendran, Raja Aamir, Stephen Bell, Anthony Butler, Nigel Anderson, Philip Butler, and
Mark Billinghurst, Computerized Medical Imaging and Graphics.
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This paper presents 3D visualisation techniques for MARS multi-energy data.
My contribution: Data collection.
Book chapter
1. Mike F. Walsh, Raja Aamir, Raj K. Panta, Kishore Rajendran, Nigel G. Anderson, Anthony
P. H. Butler, and Phil H. Butler, Spectral molecular CT with photon-counting detectors, In
Solid-state radiation detectors: Technology and applications, Editors: Salah Awadalla and
Krzysztof Iniewski, CRC Press, 2015. Chapter 9, pp: 195 - 219
This chapter describes the technology and applications of Medipix photon-counting detectors
in medical imaging. My contribution was the study on metal artefact reduction using spectral
CT.
Conference proceedings (oral abstracts)
1. Kishore Rajendran, Seamus Tredinnick, Niels de Ruiter, Alex Chernoglazov, Tim Woodfield,
Anthony Butler and Nigel Anderson, Metal artefact reduction in orthopaedic implants using
MARS spectral CT, Australia and New Zealand Orthopaedic Research Society (ANZORS),
Proceedings of the 21st Annual Scientific Meeting, Auckland, New Zealand, October, 2015.
2. Benjamin S. Schon, Timen ten Harkel, Kishore Rajendran, Nigel G. Anderson, Gary J.
Hooper and Tim B.F. Woodfield, Quantification of articular cartilage health using MARS spec-
tral computed tomography, Australia and New Zealand Orthopaedic Research Society (AN-
ZORS), Proceedings of the 21st Annual Scientific Meeting, Auckland, New Zealand, October,
2015.
3. R. K.Panta, R. Aamir, J. L. Healy, K. Rajendran, N. J. A. de Ruiter, M. Moghiseh, A. P. H. Butler,
N. G. Anderson, S. P. Gieseg and P.H. Butler, Multiple K-edges imaging with MARS-CT: Proof
of concept, Proceedings of the Annual Conference of the New Zealand Branch of the Aus-
tralasian College of Physical Scientists and Engineers in Medicine (NZPEM), Christchurch,
New Zealand, November 2014.
4. N. Schleich, S. Bell, S. Midgley, R. Aamir, J. Mohr, J. Healy, K. Rajendran, A. Butler, N. An-
derson and P. Butler, Spectral CT imaging: A non-invasive technique for studying composition
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and function of tissues, Proceedings of Combined Scientific Meeting Imaging and Radiation in
Personalised Medicine, Journal of Medical Radiation Sciences, Melbourne, Australia, Septem-
ber 2014.
Patent/Commercialisation
1. A method of image noise reduction in multi-energy CT. Patent pending, NZPTO App. no.
710194 , New Zealand, 2015.
Inventors: Kishore Rajendran, Niels J. A. de Ruiter, and Anthony P. H. Butler
This invention is part of the current commercial release of the MARS preprocessing and re-
construction software, and is protected under a confidentiality agreement with MARS Bioimag-
ing Limited, New Zealand.
Awards and grants
1. The Royal Society of New Zealand - R.H.T. Bates Award for research involving the de-
velopment of spectral imaging techniques for preclinical orthopaedic applications. One PhD
candidate enrolled in a New Zealand university receives this award every year for research
involving information science/image processing applied to medicine, physical sciences or en-
gineering. I was selected for this award in the year 2015.
2. University of Otago Christchurch - Internal Grant - I am a named investigator in this
project titled ‘New ways to measure new bone’ funded by the Department of Orthopaedic
Surgery and Musculoskeletal Medicine (OSM), University of Otago, New Zealand. This grant
application includes MARS imaging of strontium to non-invasively measure new bone forma-
tion. Preliminary results involving MARS imaging of strontium bioglass scaffolds described
in this thesis led to this proposal. This project (October 2015 to November 2016) in collabo-
ration with the OSM is aimed at strontium imaging for treatment monitoring of osteoporosis
demonstrated in small animal models.
3. University of Otago Doctoral Scholarship Award This scholarship was awarded to fully
support my PhD research from March 2013 to February 2016.
4. Rutherford prize - 2014 - for the best presentation titled ‘Spectral denoising - algorithm and
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implementation’ at the University of Otago-Christchurch Bioengineering annual conference
held at University of Canterbury, Christchurch, 2014.
5. Rutherford prize - 2013 - for the best presentation titled ‘Spectral CT image segmenta-
tion and denoising using ICA’ at the University of Otago-Christchurch Bioengineering annual
conference held at University of Otago, Christchurch, 2013.
6. Finalist at the University of Otago - Divisional Research Forum poster competition, Dunedin,
2014. A total of 33 posters from Otago Health Sciences researchers were presented and I
was one of the 6 shortlisted finalists to receive a cash prize.
7. Intercampus collaborative research travel grant to identify potential colloborative re-
search areas between Faculty of Dentistry, University of Otago, Dunedin and Centre for Bio-
engineering, University of Otago, Christchurch, 2014.
Oral presentations
1. Kishore Rajendran, ‘Beam hardening and metal artefact reduction using spectral CT’ de-
livered to Radiologists at Christchurch hospital, Continuing Medical Education (CME), New
Zealand, October 2013.
2. Kishore Rajendran, ‘MARS spectral CT for orthopaedic applications’ delivered at the De-
partment of Electrical and Computer Engineering, University of Canterbury, Christchurch,
New Zealand, August 2014.
3. Kishore Rajendran, ‘MARS spectral CT for orthopaedic applications’ delivered at the Fac-
ulty of Dentistry, University of Otago, Dunedin, New Zealand, September 2014.
4. Kishore Rajendran, ‘Evaluating cartilage health using MARS spectral CT’ delivered to Ra-
diologists at Christchurch hospital, CME, Christchurch, New Zealand, March 2015.
5. T. Woodfield, C. Löbker, B. Schon, K. Rajendran, N. Anderson, A. Butler, G.J. Hooper. Quanti-
tative detection of cartilage and bone health via MARS spectral computed tomography imag-
ing. NZ Orthopaedic Association Annual Conference, Tauranga, New Zealand, October 2014.
(Presented by Dr. Tim Woodfield on behalf of the group)
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6. T. Woodfield, C. Löbker, B. Schon, K. Rajendran, N. Anderson, A. Butler, G.J. Hooper. ‘Quanti-
tative detection of cartilage and bone health via MARS spectral computed tomography imag-
ing.’ NZ Knee Society Meeting, Tauranga, New Zealand, October 2014. (Presented by Dr.
Tim Woodfield on behalf of the group)
7. Ryan Roeder, Prakash Nallathamby, Tyler Curtis, Tracie McGinnity, Margaret Best, Joe Healy,
Kishore Rajendran, Philip Butler, abd Anthony Butler, ’Nanoparticle Contrast Agents de-
signed for Spectral CT.’ 3rd workshop on medical applications of spectroscopic x-ray detec-
tors, CERN, April 2015. (Presented by Dr. Ryan Roeder on behalf of the group)
8. Invited talk : Kishore Rajendran, ‘MARS x-ray imaging - Technology and applications’ to
be delivered at ASET Colloquium, Tata Institute of Fundamental Research, Mumbai, India,
January 2016.
Poster presentations
1. Kishore Rajendran, Anthony P. H. Butler, Nigel G. Anderson, Tim B. F. Woodfield, Philip H.
Butler, Niels J.A. de Ruiter, Alex I. Chernoglazov, Stephen T. Bell, Michael F. Walsh, and Sea-
mus J. Tredinnick, ‘Metal artefact reduction using MARS spectral imaging’ presented at the
University of Otago - Health Sciences Research Forum, Dunedin, New Zealand, September
2014.
2. Healy JL, Panta RK, Aamir R, Rajendran K, de Ruiter NJA, Bateman CJ, Chernoglazov A,
Walsh MF, Bell ST, Anderson NG, Butler APH, Butler PH, Poak J, and Gieseg SP, ‘Multienergy
x-ray CT identification of lipid cores and calcium mineralisations in excised carotid plaques’,
presented at the Annual Scientific Meeting, Australian Atherosclerosis Society, Perth, Aus-
tralia, October 2015.
3. Anderson NG, Woodfield T, Lobker C, Schon B, Rajendran K, Moghiseh M, Raja A, Kumar
D, Sykes P. 2015. Preclinical cancer imaging with MARS spectral CT and new nanocontrast
agents, In the Royal Australian and New Zealand College of Radiologists (RANZCR) - NZ
Branch Annual Meeting. Rotorua, New Zealand, July 2015.
8
Student supervision
During the course of my PhD, I have supervised the following students for their summer studentship
and undergraduate projects.
1. Amber Malpas
Imaging and quantifying strontium without the use of K-edge techniques
Department of Physics, University of Canterbury, 2014.
2. Gray Lu
Measuring bone density using MARS spectral CT
Department of Radiology, University of Otago, 2015.
3. Pedro Alencar Gomez, Claire Chambers, Nick van Irsel and Tom Blomfield
Imaging small samples with MARS spectral CT
Department of Physics, University of Canterbury, 2014.
International collaborations
1. Biomedical Imaging Division, School of Biomedical Engineering and Sciences, Virginia Tech,
Blacksburg, USA : Through the Department of Electrical and Computer Engineering, Uni-
versity of Canterbury, New Zealand I collaborated with this group to develop an ICA-based
spectral image segmentation methodology for hybrid-CT data. As a result of this collabora-
tion, we published a journal article in 2014.
2. University of Notre Dame, Indiana, USA : I collaborated with Dr. Ryan Roeder BIO group for
imaging and segmentation of gold, gadolinium and hafnium nanoparticles. The initial phan-
tom results were presented by Dr. Roeder at the Spectroscopic X-ray detectors workshop,
CERN, April 2015.
3. Queensland University of Technology, Brisbane, Australia : Imaging of strontium scaffolds
received from Biomaterials and Tissue Morphology Group, IHBI, Australia was investigated.
The results are presented in this thesis. This has led to the investigation on imaging stron-
tium as a new bone marker in collaboration with Department of Orthopaedic Surgery and
Musculoskeletal Medicine, University of Otago, Christchurch, New Zealand.
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4. University of Toronto, Canada : A collaboration with Dr. Moti Paudel was established to test
the efficacy of a normalized metal artefact reduction (NMAR) technique on MARS scans of
metal samples. NMAR has been used in KVCT and MVCT modalities and this collaboration
enabled a feasibility test of NMAR on MARS multi-energy data.
5. Oregon State University and Oregon Health and Science University, USA : A collaboration
between University of Otago, New Zealand and the Medical Physics department from OSU
and OHSU for a 3D bone densitometry project has been established recently. The research
outcome from chapter 6 has led to this collaboration.
Local collaborations
1. St. George’s Hospital, Christchurch, New Zealand : The human articular cartilage samples
described in this thesis have been provided by Prof. Gary Hooper, Department of Orthopaedic
Surgery through a research collaboration.
2. Christchurch Regenerative Medicine and Tissue Engineering, University of Otago, Christchurch,
New Zealand : This is an ongoing collaboration for quantitative cartilage imaging, strontium
imaging and imaging of additive-manufactured scaffolds.
Industrial collaborations
Orthopaedic implant manufacturers Ossis Ltd., Enztec Ltd., and Oss|Ability Ltd. are current collab-
orators with the MARS project for imaging metallic implants. Some of the samples used in chapter




This chapter presents my research goals and its significance. It is followed by a concise introduction
to MARS technology relevant to this thesis. The chapter concludes with a description of the thesis
outline.
1.1 Research goals and significance
The primary goal of this thesis is to investigate MARS (Medipix All Resolution System) technology
for preclinical orthopaedic applications. Since the introduction of spectroscopic detectors, their
preclinical application has been steered towards improving soft tissue imaging [1–4], quantifying
nanoparticles and contrast agents for cancer and vascular imaging [5–7], and differentiating soft tis-
sue components (lipid vs. water) for characterising atherosclerotic plaques [1,8]. Imaging of bone,
cartilage, and metallic implants using spectral CT remain underexplored, or limited to simulation
studies. Orthopaedic diagnosis and therapy heavily rely on imaging modalities such as computed
tomography (CT) and magnetic resonance imaging (MRI). Loose metal implants are evaluated us-
ing radiography or CT. Subject-specific customisation of implant designs is made possible using
volumetric CT data. Articular cartilage damage in early osteoarthritis is diagnosed using delayed
gadolinium enhanced MRI of cartilage (dGEMRIC) or T1ρ́ mapping. Bone density changes due to
osteoporosis is measured using dual energy x-ray absorptiometry (DEXA). In preclinical research,
quantification of strontium absorption in new bone is enabled using synchrotron imaging [9]. Bio-
materials research involves imaging modalities such as micro-CT (µCT) for non-destructive eval-
uation. This thesis aims to develop and demonstrate spectral imaging methods to enable better
characterisation of cartilage, metallic implants and other biomaterials.
MARS imaging research can be broadly categorised into three streams: (i) detector technology, (ii)
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image processing, reconstruction and visualisation, and (iii) preclinical studies. The work described
in this thesis mainly falls into the last two categories. The preclinical research demonstrated in this
thesis includes: (i) bone and cartilage imaging for osteoarthritis (ii) strontium imaging in biodegrad-
able polymer scaffolds, and (iii) metal artefact reduction in scaffolds and implants. My contributions
to the MARS image processing research stream is through the development of an image denoising
algorithm and image segmentation methods that are not restricted to orthopaedic applications, but
extend to other areas of MARS imaging research such as hybrid-CT and atheroma imaging.
The long term goal of this research is to facilitate improved diagnosis of bone and cartilage diseases
such as osteoarthritis and osteoporosis using MARS spectral imaging, and employ MARS imaging
technology in additive manufacturing, implant revision, and treatment planning. This research com-
plies with the vision of the MARS project - to design and develop precinical small-animal scanners
and human spectral scanners for healthcare and industrial applications.
1.2 Diagnostic x-ray imaging
Medical imaging has been revolutionised since the discovery of x-rays by Wilhelm Röentgen fol-
lowed by the development of x-ray CT scanners by Godfrey Hounsfield in the 1970s. CT imaging
since then has undergone several advancements, ranging from the introduction of multislice CT and
dual-energy systems to hybrid modalities such as PET-CT. The next major paradigm shift in x-ray
imaging began with the advent of photon-counting spectroscopic detectors, such as the Medipix
family of detectors [10, 11]. The traditional energy-integrating detectors used in CT systems cap-
ture transmitted polychromatic x-rays (30 to 140 keV) as a single measurement. Here, each detector
pixel integrates all the photon energies into a composite signal. This x-ray detection mechanism is
good for anatomical imaging, but the energy-specific spectral information that defines the material
composition is lost in the process of energy integration over the entire diagnostic x-ray range. Dual-
energy CT was the first attempt towards exploiting spectral signatures of materials such as tissue
types and contrast pharmaceuticals. The attenuation of x-rays by materials are measured/sampled
at two energy ranges, and using basis decomposition methods [12–14], dual-energy CT data (at-
tenuation information) can be transformed into material images (density quantification). While
the dual-energy approach has been successful in several clinical applications, the number of energy
ranges (bins) is typically limited to two, energy ranges are limited to a selection of source filter-tube
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voltage (kVp) combination (to have different mean energies in the dual acquisitions), and comes at
a cost of increased radiation dose. Spectroscopic detectors are designed to overcome these limi-
tations. Medipix photon-counting detectors allow simultaneous acquisition of 2 to 8 energy bins,
thereby improving the spectral sampling at a single x-ray exposure. Energy ranges are user-defined
therefore offering flexibility and customisation for a wide range of medical and industrial applica-
tions. In photon-counting detectors, all x-ray energies receive equal weighting which improves
soft tissue contrast unlike energy integrating detectors where high energy photons receive more
weighting than low energy photons resulting in poor soft tissue contrast [15]. More importantly,
pixelated photon-counting detectors are designed to operate at low x-ray flux, and has the potential
to reduce radiation dose [16].
1.3 Medipix All Resolution System
Medipix All Resolution System (MARS) is a spectral imaging modality capable of resolving spa-
tial, temporal and spectral data (hence the term All Resolution). At the heart of this system is the
Medipix photon-counting detector developed by the Medipix collaboration at the European Organi-
zation for Nuclear Research (CERN), Geneva, Switzerland. MARS is the leading manufacturer of
small-animal spectral scanners and is working towards the development of spectral human imaging
modalities over the next six years funded by the Government of New Zealand. The Medipix de-
tectors are capable of capturing multiple energy ranges simultaneously, leading to the term multi-
energy CT. Dual-energy acquisitions are also referred to as multi-energy, but the detection mech-
anism i.e. energy integration via scintillating detectors remains the same as a single-energy CT.
To avoid confusion, this thesis uses the term multi-energy for data from photon-counting systems,
and dual-energy for data from conventional energy-integrating systems. Other common names for
photon-counting CT in the literature include spectral CT, energy-selective CT, energy-discriminative
CT and colour CT.
1.3.1 Medipix
The Medipix detector comprises a semiconducting sensor layer made from materials such as silicon
(Si), gallium arsenide (GaAs), cadmium telluride (CdTe) or cadmium zinc telluride (CdZnTe), and
an application-specific integrated circuit (ASIC). The sensors are bonded to the ASIC via uniformly
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spaced bump bonds as shown in Fig. 1.1A. When a photon hits the sensor, a charge cloud is
created which is driven towards the ASIC using a bias voltage. An electrical pulse is created whose
magnitude is proportional to the photon energy associated with the event [11]. This pulse associated
with the photon energy is compared with user-defined thresholds and subsequently binned into
respective counters. This allows different photon energies from separate events to be segregated
into bins. Medipix detectors are lower threshold detectors i.e. if a photon event whose energy is
greater than the set threshold, it will be counted in the bin associated with that threshold.
Different versions of Medipix were used in the MARS scanners - starting from Medipix-MXR (also
Medipix2), Medipix3, Medipix3.1 and recently, Medipix3RX [17]. Depending on the preclinical
application, the sensor materials were chosen based on their detection efficiency and operating
































Fig. 1.1: A- Side view of a Medipix pixel with sensor layer bonded to the ASIC [18]. Electron-hole pairs are
created when photons impinge on the seminconductor, and a bias voltage is used to drive the charge clouds
towards the ASIC. B- Detection efficiency of sensor materials used in MARS detectors calculated from NIST
database [19]. CdTe and CdZnTe have close to 100% detection efficiency upto 70 keV and ≈70% detection
efficiency at 120 keV making it suitable for human imaging range (30 to 140 keV). The detection efficiency is
calculated for a sensor thickness of 2 mm.
Si was considered for soft tissue imaging (x-ray energies <50 keV), but has poor detection efficiency
at higher x-ray energies (due to low atomic number) needed for a whole-body human imaging. GaAs
is better than Si in terms of detection efficiency (see Fig. 1.1B) and has been used in preclinical
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imaging of excised atherosclerotic plaques and nanoparticles (refer chapter 3). CdTe and CdZnTe
sensors have been incorporated in the Medipix3RX chip used in the current MARS scanners. Most
of the work described in this thesis involves CdTe-Medipix3RX with few scans performed using Si
and GaAs Medipix3.1 detectors. CdTe detectors are chosen for their detection efficiency that is
relevant for human imaging involving x-ray energies upto 140 keV, and most of the work in this
thesis is intended for translation to clinical practice in human scale.
1.3.2 MARS gantry
The MARS gantry (Fig. 1.2) has the following modules: (i) Medipix detector with its readout unit,
together termed as the ‘MARS camera’, (ii) A microfocus x-ray tube (SourceRay Inc, NY), (iii) sam-
ple mount with z-axis translation motor, (iv) camera mount with y-axis translation motor, (v) x-ray
mount with x-axis translation, and (vi) gantry rotational motor control. The gantry rotates around
the sample to acquire projections∗. Since the detector area is smaller than the sample, the camera
has to translate (along y-axis) to cover the entire sample diameter. The sample length is covered
(along the z-axis) by moving the sample during the scan. Three types of gantry rotation are possi-
ble: (i) circular start stop mode - where projections are taken in discrete steps of gantry rotation
for a given z position (ii) circular continuous mode - where projections are taken with the gantry
continuously rotating around the sample for a given z position and (iii) continuous helical mode -
where gantry rotates continuously while the sample translates along z-axis to create a spiral scan
pattern. Circular start-stop mode was used when long exposure projections were required. This
is usually the case for Si detectors where long exposures and high x-ray tube currents are used
due to its poor detection efficiency. The continuous rotation modes (circular and helical) were used
with CdTe detectors where short exposures were sufficient, resulting in an overall decrease in scan
time. An external voltage source is used to supply the bias voltage to the sensor. This voltage varies
depending on the sensor material. CdTe receives an optimal bias voltage of -500 V per mm [20].
MARS uses a rotating gantry setup while popular commercial µCT systems such as the Skyscan
(Bruker, Belgium) involve a stationary source-detector setup with a rotating sample bed.
∗CT projections are radiographs taken at multiple angles around the sample. Cross-sectional structure of the sample
is computed using these projections.
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A B
Fig. 1.2: MARS scanner and gantry design. A- Photograph of a MARS scanner. B- Inner view of the gantry
model. The red module is the MARS camera with Medipix detector, and the blue module is the microfocus
x-ray source. Image courtesy: MARS project documentation.
1.3.3 MARS data processing
All the MARS scan data described in this thesis were obtained using the imaging routine illustrated
in Fig. 1.3. The scanner with a calibrated detector acquires projection images (dicom format)
which is transferred to a Picture Archival and Communication System (PACS). A MARS workstation
located on-site or off-site can request and acquire specific datasets from the PACS for preprocess-
ing† and reconstruction. Once the raw data has been transferred to the MARS workstation, data
preprocessing is performed where operations such as ring filtration, denoising and normalisation
(explained in detail in chapter 2) are involved. The preprocessed data is used to reconstruct multi-
energy CT images using a reconstruction software. The multi-energy CT images are subjected to a
material decomposition algorithm that converts CT images into material images (with density quan-
tification). 3D rendering can also be performed using rendering tools in the workstation involving
either the CT images or material images, or a combination of both. The MARS group has access to
an in-house 3D rendering software known as MARS-Vision for this purpose. Statistical image anal-
ysis (image metrics such as contrast-to-noise ratio, signal-to-noise ratio, K-edge visibility/hiding,
pixel masking, sinogram analysis) is usually performed in the MARS workstation using MARS pre-
†Preprocessing in this thesis refers to the set of image processing steps that precedes CT reconstruction.
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processing software, open-source ImageJ software, or MATLAB (Mathworks, Natick, MA). MARS
preprocessing, reconstruction procedures and image metrics are discussed in detail in chapter 2.
At the time of writing this thesis, MARS scanners have been upgraded to incorporate an automated
processing pipeline wherein the scanner sends data to PACS upon finishing a scan, and a dedicated
UPS (Unified Procedure Step) schedules the reconstruction and material decomposition [21]. This
minimises the amount of user intervention required at each step of the imaging chain.
Fig. 1.3: Basic MARS imaging chain
1.4 Thesis outline
This thesis can be divided into two parts. The first half primarily focuses on image processing tech-
niques and its application to MARS multi-energy CT, with special focus to orthopaedic applications.
The second half focuses on preclinical orthopaedic applications, in particular, quantitative cartilage
imaging and metal implant imaging. A chapter on the hypothesis and experimental verification of a
fundamental limitation of K-edge imaging is also presented.
The thesis is structured as follows:
 Chapter 2 provides a scientific background relevant to this thesis.
 Chapter 3 describes an image denoising technique developed for MARS multi-energy data.
Algorithm development, implementation and testing using phantom and preclinical MARS
scan data are presented in this chapter.
 Chapter 4 describes the application of component analysis techniques for MARS multi-energy
data. Its application to hybrid-CT and strontium imaging in engineered scaffolds is discussed.
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Application of ICA for material discrimination and the optimisation of an existing MARS-PCA
framework for image segmentation are discussed in this chapter.
 Chapter 5 discusses a fundamental limitation of K-edge imaging of contrast pharmaceuticals
followed by an experimental verification using a MARS scanner. This is relevant to K-edge
imaging of contrast pharmaceuticals involving gadolinium or iodine that are commonly used
in cartilage imaging.
 Chapter 6 presents quantitative cartilage imaging using MARS. This includes methods for
sample preparation, MARS imaging and histological correlation. The samples include normal
bovine cartilage and osteoarthritic human articular cartilage.
 Chapter 7 presents metal implant imaging using MARS. Quantification of artefacts in multi-
energy MARS data is presented for different metallic phantoms and small implants made
of titanium and cobalt-chromium alloys. Application of denoising (from chapter 3) to metal
implant imaging is also discussed.




This chapter provides a scientific background relevant to this thesis. It includes x-ray interaction
with matter, beam hardening, energy binning in photon counting detectors and Beer-Lambert law,
MARS preprocessing and associated software, and CT image metrics.
2.1 X-ray interaction and beam hardening
When x-rays photons traverse through a medium, four types of photon-atom interactions are possi-
ble namely Rayleigh scattering, Compton scattering, photoelectric effect and pair production [22].
Photoelectric and Compton scattering are the two primary interaction types in diagnostic x-ray
imaging (upto 140 keV).
Rayleigh scattering: When a photon interacts with an atom, the atom is excited by the photon’s
energy. This type of interaction is prominent in the low energy diagnostic x-ray range (15 to 30 keV)
which is relevant to breast imaging. Since no electrons from the atom are ejected, this interaction
is non-ionising. Rayleigh scattering is also known as coherent scattering.
Compton scattering: When a photon interacts with the valence electron(s) of an atom, the elec-
tron is ejected from the atom and the photon is scattered with reduced energy. This is an ionising
interaction. The energy of the incident photon is divided between the ejected electron and the scat-
tered photon. This type of interaction is predominant above 26 keV up to 30 MeV, and is also known
as inelastic scattering.
Photoelectric effect: When a photon interacts with an atom, all of its energy is transferred to an
electron causing it to eject from the atom. This interaction is ionising and occurs when the incident
photon energy is greater than or equal to the binding energy of the electron being ejected. The
probability for photoelectric interaction per unit mass is roughly proportional to Z3/E3 where Z
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is the atomic number and E is the incident photon energy. Increased probability of photoelectric
interaction can be related to the abrupt increase in the absorption edges such as the K-edge. Con-
trast media containing iodine, barium or gadolinium have their K-edges within the diagnostic range
of 30 to 140 keV that can be exploited for material differentiation.
For soft tissues, the predominant interaction type is Compton scattering while for interactions in-
volving bone and contrast media, photoelectric process is predominant.
Pair production: The incident photon is transformed to electron-positron pair. This occurs when
photon energies exceed 1 MeV and is less relevant to diagnostic x-ray imaging.
Beam hardening: In CT imaging, x-ray attenuation by materials is the main source of informa-
tion. However dense, high-Z materials are highly attenuating resulting in photon starvation or
beam exhaustion. When a dense material such as a metal implant is present in the beam path,
most of the low energy photons are attenuated leaving behind only the high energy photons. If
this is understood from the mean energy perspective, the beam coming out of the sample has a
mean energy that is higher than the mean energy of the incident beam, due to the removal of low
energy photons from the beam. In other words, the soft x-rays (low energy) are removed from the
beam leaving behind only the hard x-rays (high energy), hence the term beam hardening. Fig. 2.1
shows a simulation of detected x-ray spectrum using a CdTe detector with different aluminium (Al)
filter thicknesses. If the filter is treated as a metal object in the path of the beam, the higher the
object thickness, the more soft x-rays are attenuated from the beam, and this is reflected in the
mean energy shift. The CT reconstruction algorithms assume monochromatic source while beam
hardening occurs with polychromatic source (used in CT) and this discrepancy results in image
artefacts especially around dense metal objects. To reduce these ‘metal artefacts’, conventional CT
uses source filters that pre-hardens the beam, so that only hard x-rays are transmitted through the
object and measured [23], bringing the scan conditions closer to the monochromatic assumption.
Dual-energy CT extrapolates the acquired data to a virtual monochromatic high energy in order to
reduce metal artefacts [24]. Metal artefact reduction using high energy acquisition using MARS































Fig. 2.1: Simulated x-ray spectrum (from SpekCalc [25]) with beam hardening at different thicknesses of
aluminium. In comparison to 0.5 mm Al (red curve), the 6 mm Al curve (black) shows a large number of
low energy photons being removed from the beam, and the mean energy of the polychromatic spectrum
(represented by coloured dots in the curves) shifts towards high energy. The y-axis represents the number of
photons and x-axis represents photon energy.
2.2 Energy binning in photon-counting detectors
Photon-counting detectors enable simultaneous acquisition of x-ray data in multiple energy ranges
by binning photon events. The binning of x-ray data in the diagnostic x-ray range is shown in Fig.
2.2. The bins are user-defined using energy thresholds.





where C [Ti,a] is the pixel-wise photon counts recorded by the detector for energies E in the range
[Ti, a]. For unsubtracted bins as shown in Fig. 2.2A, Ti is the energy threshold (with index i = 1
to N ) and a = kVp of the x-ray tube, and for subtracted bins (Fig. 2.2B), Ti is the energy threshold
(i = 1 to N −1) and a = Ti+1. The last energy bin for both these cases has the same energy range.
For K-edge imaging [26, 27], subtracted bins emphasise the visibility of K-edge discontinuity. As
shown in Fig. 2.2B, for materials such as iodine and gadolinium, placing subtracted bins on either
side of the K-edge will capture the K-edge discontinuity.
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A - Unsubtracted binning
B - Subtracted binning
Fig. 2.2: Energy binning in Medipix photon-counting detectors illustrated using mass attenuation (semilog
scale) of five materials. A- For thresholds T1 to T4, energy bins are acquired in the range [T, kVp]. Note
that the contributions from bin [T4, kVp] can be found in all the energy bins. This is the default mode of
binning/data acquisition in Medipix detectors. B- Subtracted bins can be calculated from unsubtracted bins
by subtracting two of the acquired bins. For eg. (Bin 1 minus Bin 2) in subfigure A will yield Bin 1 in
subfigure B. This makes the bins independent of each other with non-overlapping energy ranges. The peaks
in the iodine and gadolinium curves relate to the K-edge discontinuity at 33 keV and 50.2 keV respectively.
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2.3 Beer-Lambert law
The Beer-Lambert law represents the attenuation of x-rays by materials and is given by
C(E) = C0(E).e
−µ(E).L (2.2)
This is a monochromatic approximation where C(E) is the photon counts recorded in a given
detector element/pixel at an energy E, C0(E) is the number of photon counts produced by the
source, µ(E) is the energy-specific linear attenuation coefficient, and L is the path length of the
x-ray beam passing through the material(s). If an ideal detector is assumed, C0(E) is approximated
as the photons from the source measured using the data from an open beam (flatfield) scan. Open
beam is a projection obtained with no object (only air) between the source and detector. A robust
representation of E when polychromatic source spectrum is involved should include functions for
source spectrum, detector response (which distorts the source spectrum), and energy-specific beam
hardening properties of materials.
2.4 MARS preprocessing
A set of open beam exposures is acquired during every scan. The normalisation process calcu-
lates the ratio of measured counts (with object) to open beam counts and this represents the x-ray
transmission values required for CT reconstruction. In Eq. 2.2, C0 can be approximated by a
flatfield/open beam frame Cf . In practice, MARS is programmed to acquire a multitude of open
beam exposures and average them to approximate the expected value of C0. In addition, a detector
response function δ scales the C0 values as
Cf (E) = δC0(E)e
−µairL (2.3)
If both Cf (E) (≈ C0(E)) and C(E) are obtained from the same source-detector positions, then
δ ≈ 1, and the normalisation procedure is simplified as C(E)/Cf (E). A robust representation of
this procedure involving functions for source and detector characteristics is being investigated at
the time of writing this thesis.
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2.4.1 Geometrical aspects of data acquisition
Projections are acquired in discrete detector positions along the vertical field of view (FOV) along
the sample diameter as illustrated in Fig. 2.3. This is because the detection area is smaller than
the sample size, and projection from a single detector position cannot cover the entire object along
its diameter. An analogy to this mode of acquisition is a mobile phone camera where the scene
to be captured is larger, and a panaroma mode is used where the camera is panned to cover the
scene. The consequence of this detector translation in a linear path is the difference in x-ray beam
intensity at different detector positions.
Fig. 2.3: Illustration of detector translation in MARS small-animal scanners. The detector linearly translates
from -Pn to Pn to cover the vertical field of view along the object diameter.
In Fig. 2.3, if the object is removed for an open beam acquisition, the measurements at detector
positions P0, Pn and -Pn do not have the same x-ray intensity. Also, due to a tilt in the anode of the
x-ray source, a ‘heel’ effect is produced which makes the beam intensity anode-angle dependent.
As a consequence, for flatfield normalisation, open beam exposures are required to be captured
at individual detector positions to account for the x-ray beam profile. The detector positions are
calculated based on the sample’s diameter. This piecewise acquisition is due to limited detection
area (14 × 14 mm2 detection area for a single chip Medipix3RX at 128 × 128 pixels with 110 µm
pixel pitch). The detection area can be increased using detector arrays similar to the ones used in
clinical CT.
Among the MARS scanner variants, versions 1 to 4 had fixed collimators. Version 5 MARS scanners
have motorised collimators, that track the position of the detector during the scan and allows x-rays
24
to pass towards the corresponding detector position while the rest of the sample is not exposed to
radiation. The purpose of having motorised collimators is to avoid unused radiation dose. The
multi-energy data described in this thesis were obtained using versions 3, 4 and 5 of the MARS
scanners, and no live small animals were scanned.
2.5 Medipix detector calibration
Prior to using MARS for imaging samples, the Medipix detectors require calibration. This involves
threshold equalisation [28] and energy calibration [29]. Per-pixel threshold equalisation is per-
formed to reduce the intrinsic variations in the threshold levels associated with each counter. With-
out the equalisation, the individual pixel response to a uniform x-ray flux will not be consistent.
Equalisation is performed using a threshold scan with the electronic noise as the baseline (termed
as noise floor). Energy thresholds are set using a reference current in the digital to analog con-
verter (DAC) of the ASIC. Fig. 2.4A shows the threshold equalisation process using two threshold
points in a Medipix3RX detector. The threshold is set at 100 and 75 DAC steps for adjustment val-
ues of 0 and 5 (also in DAC steps). A linear fit then projects these two data points towards the noise
floor (at 10 DAC steps) to obtain the corresponding adjustment value at noise floor (18 DAC steps).
In order to obtain energy-resolved information using photon-counting detectors, a standard energy
calibration using reference energies should be performed. The reference energies can be from a
range of tube voltages (kVp) or using fluoroscence emitted from metallic foils [29]. It can also be
performed using γ-rays emitted from radioisotopes such as americium-241 (Am-241). The energy
calibration step for a CdTe-Medipix3RX detector using lead, molybdenum foils and Am-241 source
is shown in Fig. 2.4B. This calibration will provide DAC steps corresponding to reference energies.
Earlier versions of Medipix detectors have reported the problem of charging sharing effects that
affect the energy response of the detector [30,31]. Charge sharing is a phenomenon where a charge
cloud from a single photon event spreads across the boundaries of multiple pixels and are counted
as separate low energy events. This distorts the spatial and spectral resolution. The Medipix3RX
detector overcomes this problem using a charge summing mode (CSM) [10,32]. The CSM mode is
designed to perform alongside the regular fine pitch mode (FPM) and spectroscopic mode of the
Medipix3 ASICs. In FPM, every pixel (55 µm spacing) counts independently with 2 counters/pixel.
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Fig. 2.4: A- Threshold equalisation involving a linear fit and noise floor at 10 DAC steps. The adjustment
value for the noise floor was identified at 18 DAC steps. B- Energy calibration using Pb and Mo foils, and
Am-241 radioisotope. The corresponding threshold DAC were identified for reference energies obtained from
the foils (17.4 keV for Mo, and 74.9 keV for Pb) and Am-241 radioisotope (59.5 keV).
Fig. 2.5: Illustration of charge summing mode in spectroscopic configuration. A charge deposited over a
220 × 220 µm2 area is summed and assigned to the pixel unit receiving the highest charge share. The red
octogons represent the locations of pixel bonding to the ASIC.
counters at a pixel pitch of 110 µm. In FPM with CSM enabled, the charge deposited in every 4
pixels is reconstructed at the pixel corners (summing nodes) and assigned to the pixel receiving the
largest share from the charge. In spectroscopic mode with CSM enabled, four pixels are clustered to
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form a single detection element. A single event spread across multiple pixels are identified through
inter-pixel communication. For a pixel pitch of 110 µm, the charge deposited in a 220 × 220 µm2
area is reconstructed at the cluster nodes. Each cluster is 110 × 110 µm2 in area. The summed
charge is assigned to the cluster that receives the highest contribution from the initial hit (photon
event). This mode enables 4 CSM counters per 110 × 110 µm2 detection area as illustrated in Fig.
2.5. The experiments described in this thesis involving CdTe-Medipix3RX detector was operated in
the spectroscopic mode with CSM.
2.6 CT image metrics
CT image quality can be assessed using specific image metrics. Quality assessment in conven-
tional CT scanners is performed using signal-to-noise ratio, geometric calibration, spatial resolution
mesurements, drift measurement and correction, and contrast reproducability. Basic image quality
metrics relevant to this thesis are explained in this section.
2.6.1 SNR and CNR
Signal-to-noise ratio (SNR) and contrast-to-noise ratio (CNR) are standard metrics used in signal
processing and image processing to characterise signal quality in the presence of noise. Since this
thesis involves digital images (multi-energy data), these terms are defined for image quality. SNR





where µ is the average intensity calculated in a region of interest (ROI) in the image, and σ is the
standard deviation within the ROI. µ in multi-energy data is the bin-wise attenuation coefficient
from the reconstructed images, and SNR tends to vary across energy bins due to differences in the
number of photon counts within individual bins.
In CT imaging, discriminating tissue types and contrast pharmaceuticals from a background region
primarily depend on contrast resolution. A region is said to have high contrast when its image
intensity is higher than the background. An example is bone vs. soft tissue. On the other hand,
an example of low contrast is fat vs. water. Contrast-to noise-ratio is a metric that quantifies the






where f and b represents foreground and background regions in the image, and σ is the image
noise measured using standard deviation. Sometimes, σ is replaced with mean(σf , σb) to account
for intensity-dependent noise in CT images. The term ‘contrast media’ comes from image contrast,
where a contrast agent involving iodine or gadolinium is injected to increase the visibility of oth-
erwise low contrast regions. Radiopharmaceuticals involving high-Z materials have higher x-ray
attenuation than native soft tissues, and enhance the image contrast.
2.6.2 Modulation transfer function
Modulation transfer function (MTF) is commonly used to quantitatively describe the spatial resolu-
tion of imaging systems. MTF can be understood as a measure of image blurring or sharpness that
helps resolve features within the image. When a line object (such as a thin wire) is imaged using a
detection system such as radiography or CT, the profile across the line object results in a line spread
function (LSF). The full width at half maximum (FWHM) of the LSF approximated as a Gaussian dis-
tribution can be related to the standard deviation as 2.35σ [33]. Similar metrics can be obtained
using a point object (eg. key-hole phantom) which will result in point spread function (PSF), or an
edge phantom that leads to an edge spread function (ESF). LSF and ESF are illustrated in Fig. 2.6.
LSF, PSF and ESF can be related to MTF, which is a metric that defines how many physical line pairs
per mm (or cm) in an object can be fully reproduced by the imaging system. LSF can be derived
from ESF using numerical differentiation. MTF can be calculated from LSF or ESF phantoms and
can be performed on reconstructed or projection (radiographic) images. Projection-domain ESF is
used in this thesis since the denoising technique explained in chapter 3 is implemented in projec-
tion space. To estimate a pre-sampled MTF [34] from a projection image, a polished edge phantom
made from a high-Z material such as lead is used. The edge phantom is tilted to a small angle to
obtain more data points for ESF calculation. This is known as the slanted-edge technique [35]. By
reprojecting the 2D slanted edge as 1D data, noise can be reduced. This ESF can be numerically














































B - Edge spread function
Fig. 2.6: A- Illustration of line spread function for a thin wire at different levels of blurring. Note the increase
in the FWHM of the line distribution in the plot which can be related to decreasing resolution/increased
blurring. B- Edge spread function illustrated for an edge phantom simulation at different levels of blurring.
Note the change in the slope of the curve at different levels of edge blurring. An ideal imaging system will
have a step function as the ESF.
The line pairs related to MTF can be defined as an alternating sequence of bright and dark lines. A
resolution of 10 line pairs per mm (100% MTF) for a given system means that the system can fully
recover the intensity values corresponding to 20 alternating line colours without any loss in spatial
information. In this thesis, MTF is used to identify spatial resolution changes in an edge phantom
when subjected to denoising. The slanted edge phantom shown in Fig. 2.7 is used and the results
of MTF measurement from a Si-Medipix3.1 photon-counting detector are described in chapter 3.
2.6.3 Hounsfield Unit
It is a common practice in clinical CT to convert the linear attenuation coefficients to Hounsfield
units (HU), also known as CT number. The conversion from linear attenuation to HU is given by
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Fig. 2.7: Slanted-edge phantom used to measure MTF. Inset shows the blurring across the edge of the








Linear attenuation coefficients (cm−1) conform to SI system of units, while HU is practically used
to normalise image intensity with respect to water. HU of water is defined as 0, while HU of air
is defined -1000. This unit is revisited in chapter 5 to describe the concept of a material’s hidden
K-edge measurement.
Spectral Hounsfield Unit
Multi-energy CT aims to exploit the energy-specific x-ray attenuation, and conventional HU termi-
nology requires modification. This gives rise to a new concept called ’Spectral Hounsfield Unit’
where bin-wise CT numbers (in HU) are calculated for multi-energy data. This takes into account
the energy-specificity of µ, µwater, and µair in Eq. 2.6. HU terminology for spectral CT is an on-
going debate. It has been proposed by Hurell et al. [36] that spectral HU measurements can be
denoted as a function of mean x-ray energy at which they were obtained, for example HU90, where
the subscript refers to the mean energy 90 keV of the corresponding energy bin, while a counter
argument has been made by Cormode and Fayad [37] that spectral HU terminology should include
the energy range in the subscript, i.e. HU20−50, where 20-50 represents the keV range of that par-
ticular energy bin. This is because a mean energy of 90 keV can be applicable to an energy window
of 80 to 100 keV or 20 to 160 keV, leading to inconsistency.
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2.7 MARS data processing
Once the data is acquired from a MARS scanner, a standard set of software tools [21] is used to
process the data. The processing involves filtering, denoising, normalisation (Eqs. 2.1, 2.2, 2.3),
masking and image inpainting as illustrated in Fig. 2.8. The associated MARS software and their
functionalities are explained below.
Fig. 2.8: MARS data processing work flow
dcm2mPPC : This script is used to convert dicom images to tiff images. This tool is used to obtain
the suitable image format (tif) for reconstruction using commercial Octopus software. mPPC stands
for MARS preprocessing chain.
mPPC : This software tool is used to perform darkfield correction, flatfield normalisation, image
stitching, masking, dilation, inpainting, and ring filtration.
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Darkfield correction is based on dark field frames that has recorded abnormal pixel activity. Dark
fields are exposure images recorded by the detector with the x-ray source turned off. These pixels
are removed in the darkfield correction process. Flatfield normalisation results in transmission data
for CT reconstruction. The flatfield image is usually an average of several open beam exposures.
Dilation and inpainting are basic morphological operations performed on the projection images to
fill dead regions and spurious borders around dead regions using image interpolation. Masking
involves identifying and removing abnormal pixels (hyperactive or hypoactive) based on open beam
statistics. Photon counts follow Poisson statistics (mean = variance), and this relation can be used
to identify abnormal pixel activity.
A statistical ring filter based on the work by Sijbers et al. [38] is used. Frequency-split image
denoising (FSID) is used to minimise noise in narrow energy ranges. The technique is discussed in
detail in Chapter 3.
Image stitching is required prior to reconstruction using Octopus software, and this is offered by
mPPC. This is due to the piecewise acquisition of projection images at different detector positions
(illustrated in Fig. 2.3).
Octopus: This is a commercial reconstruction software (Inside Matters Inc., Belgium) that uses
a Feldkamp-Davis-Kress(FDK) method [39]. This software uses normalised, stitched projection im-
ages (in tiff format) as an input. Also, sinogram input is required with no dead pixels (NaN values)
which can be obtained from mPPC.
MARS-ART : The algebraic reconstruction method used in this software is simultaneous algebraic
reconstruction technique (SART) [40,41]. This is customised to reconstruct all energy bins simul-
taneously since they share the same geometry. SART was designed to accelerate the iterative esti-
mation for the basic algebraic problem in Eq. 2.7. For multi-energy CT, the algebraic formulation is
given by
A.xe = be (2.7)
where A contains the geometric information of x-ray transmission, xe is the energy-dependent vol-
ume of linear attenuation coefficients to be estimated, and be is the energy-dependent transmission
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where k is the iteration index, i is the voxel index in volume xe, j is the pixel index in projection
be, A represents contribution of each voxel from xe to each value of be, and λ is a relaxation factor.
A is defined by the CT geometry (parallel, fan or cone-beam geometries) and the correction term
is scaled by the average path length of ray in each voxel. The implementation of SART can be
summarised in the following steps:
1. Initialise a volume that geometrically matches the volume to be reconstructed.
2. Simulate a projection image from the initial volume using forward projection.
3. Compare the simulated projection to an actual measured projection to get a correction image.
4. Back project correction image to update the initial volume.
5. Goto step 2.
MARS-MD : The material decomposition (MD) algorithm extracts material information (type and
density) from the reconstructed linear attenuation coefficients [42]. The energy-specific linear at-












where (µ/ρ)em is the mass attenuation for material m at energy e, and xm is the concentration
or density of m. Material decomposition, originally pioneered by Alvarez and Macovski [12] for
separating dual-energy CT projections into photoelectric and Compton components, can be used
with Eq. 2.9 to calculate the material components of an object from the spectral linear attenuation
coefficients [43, 44]. MARS-MD is a constrained least squares technique applied post reconstruc-
tion. MD is performed on a voxel-by-voxel basis. The MD requires prior knowledge which is usually
measured using a phantom experiment. The mass attenuation basis for candidate materials from
the phantom experiment is used as the input for the least squares algorithm to estimate material
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densities. To estimate the basis function from the phantom experiment, mass attenuation is calcu-
lated by decoupling water from high-Z materials. The linear attenuation of a voxel representing a














where µ is the linear attenuation, ρ is the material density, µ/ρ is the mass attenuation, m denotes
the candidate high-Z material, w denotes water, and c denotes the composite measurement that
includes high-Z and water. When phantoms are scanned for MARS-MD, concentrations of candidate
high-Z materials, water and lipid are typically involved. Therefore for each concentration of a high-Z



























For Eq. 2.11, ρ is the known concentration of the high-Z material used in the phantom, and it
is zero in the signal representing pure water, i.e. no high-Z component in the pure water signal.
The system of linear equations can be rewritten in matrix form b = Ax, and solved for x. Here
x denotes the mass attenuation basis for candidate high-Z material(s) at individual energy ranges,
and is used as a basis function for material decomposition.
2.8 Contributions
The energy calibration methods was developed by Raj Panta (University of Otago, Christchurch,
New Zealand) for his PhD thesis [8]. The threshold equalisation technique was developed by Paul
Ronaldson and Michael Walsh (University of Otago, Christchurch, New Zealand) as part of their
PhD theses [28,45]. mPPC and MARS-ART software were developed by Niels de Ruiter (University
of Otago, Christchurch, New Zealand) for his PhD thesis [21]. MARS-MD technique was developed
by Christopher Bateman (University of Otago, Christchurch, New Zealand) for his PhD thesis [42]
and the MATLAB code was optimised by David Knight (University of Canterbury, Christchurch, New
Zealand) for his Masters project.
My contributions to this imaging chain is the denoising technique (FSID) explained in chapter 3
which is part of the current MARS commercial release, and the experimental validation of the
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effective use of mass attenuation basis for material decomposition (chapter 5) using MARS-MD.
Every user of MARS scanner uses this imaging chain to collect, process, and analyse the multi-
energy data.
2.9 Summary
• Beam hardening causes a shift in the mean energy of the transmitted beam, and can lead to
photon starvation and imaging artefacts.
• User-defined energy ranges can be obtained using photon-counting detectors using energy
binning.
• Photon-counting detector calibration primarily involves threshold equalisation and energy
calibration.
• Charge summing mode in Medipix3RX reduces spectral distortions induced by charge sharing
effects due to small pixel sizes in the detector.





FREQUENCY-SPLIT IMAGE DENOISING FOR MARS
In this chapter, the development and validation of an image denoising technique for MARS multi-
energy CT data is presented. This work is covered under a New Zealand provisional patent titled
‘A Method of Image Noise Reduction in Multi-Energy CT’, NZPTO App. no. 710194, New Zealand,
2015. The algorithm was developed to process MARS projection data in general, and its application
is not limited to orthopaedic imaging.
The importance of a denoising technique relates to the problem of image noise due to energy bin-
ning in photon-counting CT. Noise influences image processing and analysis at every step, ranging
from image reconstruction to material discrimination, and more importantly medical diagnosis. This
chapter discusses the development and implementation of a frequency-split image denoising (FSID)
technique, and its application to MARS scan data obtained using different versions of Medipix detec-
tors and different sensor materials. FSID is validated to demonstrate signal preservation in addition
to noise reduction. Research outcomes and a summary concludes this chapter. The method pre-
sented in this chapter can be attributed to the long term project goal, where MARS technology is
intended for preclinical research and diagnostic imaging, and FSID forms an important part of the
imaging chain. The immediate users of the MARS scanners also benefit from FSID incorporated in
the current imaging chain.
3.1 Introduction
The signal-to-noise ratio (SNR) in any given bin acquired using a photon-counting system is depen-
dent on the local counts. This principle applies to any form of CT imaging where increasing photon
counts improves the SNR. While the number of available energy bins depends on the Medipix ASIC
type and the mode of operation, the threshold selection is crucial for tissue type identification.
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Firstly, narrow energy ranges (subtracted bins) allows better sampling of the attenuation profiles
of different materials. Subtracted energy bins are typically used to visualise the K-edge discontinu-
ity of contrast pharmaceuticals. The threshold selection determines the extent of energy-specific
information that can be resolved and the choice of energy bin width influences the SNR. For in-
stance, wide energy bin images provide high SNR but offer very poor energy-resolved information.
Narrow energy bins provide better energy-resolved information but low photon counts will result
in increased image noise as illustrated in Fig. 3.1. Low photon flux at higher energies of the
polychromatic spectrum also restricts selection of narrow bins at those energies. Noise in narrow
energy bins affects the image quality and consequently, the access to energy-resolved information
required for material discrimination is hindered. Ideally, the multivariate noise properties of a
photon-counting system should be determined/modeled and used as a prior knowledge in the image
reconstruction routine to achieve noise reduction. However, obtaining such a model for photon-
counting detectors is difficult, and an image denoising method is desirable. This can be applied











































Average number of detected photons per image
A B
Fig. 3.1: Examples of image noise in low photon count scenarios. A - Image noise in a normalised projection
image with no object. Noise is plotted as a function of detected photon counts using a silicon photon-counting
detector. The dominant noise component fits the relationship k/
√
N , where N is the number of detected
photon counts and k is a scalar. B - Comparison of projection images of a carotid artery obtained at two
different energy ranges. Decrease in the detected photon counts in the narrow energy bin results in increased
image noise. Window = [0.6, 1.1].
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While several image denoising algorithms have been reported for energy-integrating detector based
dual-energy CT, very few have reported noise reduction techniques for photon-counting systems.
Leng et al. [46] described a compressed-sensing approach HYPR-LR [47] that exploits spatial sim-
ilarities between energy bins to minimise image noise. A reference composite image was used to
reduce noise in multi-energy CT data. The choice of reconstruction technique was limited to HYPR-
LR. While the application of this technique to data from photon-counting detectors was limited to
a phantom experiment and numerical simulation, its implementation on clinical dual-energy data
demonstrated noise reduction while preserving spatial and spectral information quantified using
MTF and region of interest (ROI) analysis. Lu et al. [48] proposed a projection-space denoising
technique based on joint bilateral filters for energy-resolved data. A guidance image computed
from all the energy bins was used to steer a non-linear filter to denoise individual bins. A reduc-
tion of 60% in root mean-squared error (RMSE) was achieved using this approach but the reported
validation was limited to synthetic fluoroscopic images of a human heart. Li et al. [49] proposed
a quantum noise reduction technique using low rank approximation. In this technique, the low
dimensionality of the spectral data was exploited and transformation to a series of orthonormal
spectral bases was involved. The first few bases (components) contained maximum information and
the remaining components were approximated as quantum noise. By retaining the first few bases
and retransforming the data to its original space, spatial and spectral signals were preserved while
minimising noise. The algorithm was tested on data obtained using a photon-counting detector.
Performance assessment of denoising algorithms on a wide range of datasets (synthetic, physical
phantoms, biological and non-biological samples, different detector/sensor types), and evaluating
their effects on material decomposition are crucial and are lacking in the literature. In this chapter,
the development and application of a frequency-split image denoising (FSID) technique to MARS
are discussed. It is a projection-space denoising method that exploits spatial similarities between
energy bins. As a result, noise reduction could be achieved without losing spatial accuracy. The
projection domain implementation of FSID allows MARS data to be reconstructed using Octopus
(FDK method) or MARS-ART (algebraic method). Frequency-split approach was chosen to selec-
tively process the high frequency noisy components of the image. Noise reduction in the datasets
obtained using MARS scanners incorporating low-Z (Si) and high-Z (GaAs, CdTe) detectors operated
at x-ray energies up to 120 keV is reported. Effects of noise reduction on material classification are
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also discussed. Signal preservation is quantified using MTF for spatial signal, and ROI assessment
of spectral linear attenuation for energy signal.
3.2 Materials and methods
3.2.1 Frequency-split image denoising
The frequency-split image denoising technique assumes that an edge (high frequency component)
or a homogeneous region (low frequency component) in one energy bin remains so in every other
energy bin since it is the same spatial structure being imaged. A reference image Ir is used to
denoise a candidate noisy energy bin In. A wide energy bin (energy bin with the broadest energy
range such as [15-120] keV) or a mean image obtained from all the subtracted energy bins as
proposed in the literature [46,48] can be used as the guidance/reference. The frequency-split step
is given by
ξr = Ir − Ĩr (3.1)
where Ĩr is obtained by convolving Ir with a lowpass filter kernel (of size W1) and ξr is the high
frequency component of Ir. Similarly, Ĩn and ξn can be obtained for a noisy projection image In.
The filter can be a spatial smoothing filter (mean, median or Gaussian). A mean filter with square
kernel can be used to filter Ir and In. The ξn component is a combination of edge features and
image noise. To reduce noise, a local spatial weighting is introduced to obtain a denoised high
frequency image ξ̂n with edge preservation. The weighting is a centering process that skews the
edge components in Ir towards the local mean or median of ξn using a block-wise image operation.
This windowed operation is given by
ξ̂n,w = ξr,w − ξ̄r,w + ξ̄n,w (3.2)
Here, ξ̄n,w and ξ̄r,w are the local mean or median within a window w (of size W2) in the high
frequency noisy and reference images respectively. Eq. 3.1 involves a moving window operation
(the window transits within the image by one pixel increments) while Eq. 3.2 involves a block-wise
window operation (the window transits by W2 pixels per step, row-wise and column-wise). In this
chapter, FSID implementation involved a mean filter for W1 and a median operation for W2. Once
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the high frequency component is processed to obtain ξ̂n , it is added back to the low frequency
image Ĩn to obtain a denoised version of In.
3.2.2 Spectral CT data acquisition and processing
Medipix ASICs with Si, GaAs and CdTe sensors were used to demonstrate noise reduction using
FSID. Simultaneous capture of 2 to 8 energy bins per exposure was enabled during data acquisition.
Different detectors, samples and scan settings were used to evaluate FSID. This is relevant to the
different detector types used in MARS imaging that involve application-specific scan settings. For
instance, a high resolution imaging of strontium scaffold can be achieved using a Si Medipix3.1 at
50 kVp due to its high spatial resolution (55 µm pixel pitch). On the other hand, a mouse scan with
a novel contrast agent requires an imaging protocol that is relevant to human imaging, for instance,
a tube voltage of 120 or 140 kVp. This would involve high-Z detectors such as GaAs or CdTe that
can operate at higher x-ray energies.
The Medipix detectors used in this study were threshold equalised [11] and energy calibrated [29].
Prior to denoising, datasets were flatfield normalised using averaged open beam exposures, and
darkfield images were used to remove bad pixels. Bad pixels are identified as pixels that record
counts when there is no x-rays incident on the detector. A volumetric ring filter [38] was applied on
the normalised projections.
Multicontrast phantom scan
A multicontrast phantom with water, sunflower oil, and aqueous solutions of calcium chloride
(CaCl2) at concentrations of 0.180, 0.360, 0.720 and 0.900 mol/L (20, 40, 80, and 100 mg/ml respec-
tively) was scanned using a Si - Medipix 3.1 detector. CaCl2 is used as a surrogate for calcifications,
and oil as a lipid surrogate [1]. Phantoms with candidate material concentrations are used for
prior knowledge in basis material decomposition algorithms [1,42]. The MARS scanner used in this
experiment was equipped with a 80 kVp x-ray source with an intrinsic filtration equivalent to 1.8
mm aluminium (Al). The sensor thickness was 300 µm bump-bonded at a pixel pitch of 55 µm. Two
energy bins were acquired at a tube voltage of 50 kVp with an exposure time of 800 ms at 300 µA. A
total of 720 circular projections and 360 open beam exposures were acquired for CT reconstruction.
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Mouse with iodine contrast
A mouse was euthanised and a subcutaneous injection of non-ionic iodine contrast agent (Ultravist,
Bayer Healthcare, USA) in the pelvic region was performed (under ethical approval - AEC 19/13
from Animal Ethics Committee, University of Otago, New Zealand). The sample was scanned using
a CdTe - Medipix3RX detector. The detector was operated in charge summing mode to improve the
spectral performance [10,50]. The 2 mm thick CdTe sensor was bump-bonded to the ASIC at a pixel
pitch of 110 µm. An x-ray tube with an intrinsic filtration equivalent to 1.6 mm Al was operated at
120 kVp. A total of 1440 circular projections and 1440 open beam frames were acquired.
Excised human carotid plaque
A spectral scan of an excised human carotid plaque (obtained with patient consent under Health and
disability ethics committee approval - CTY/01/04/036) was performed using a Medipix3.1 detector
with a 600 µm GaAs sensor layer bump-bonded at 55 µm pixel pitch. Eight energy bins were
acquired at a pixel pitch of 110 µm (2 x 2 pixels multiplexed). A tube voltage of 120 kVp tube
was used. A source filtration of 10 mm Al was used in addition to the intrinsic filtration of 1.6
mm Al equivalent. A total of 720 projections and 720 open beam frames were acquired. A second
scan with the same scan parameters involving a calibration phantom (containing water, sunflower
oil, aqueous solutions of calcium chloride at 0.9 and 1.8 mol/L concentrations) was performed for
material decomposition.
3.2.3 FSID performance assessment
The changes in image level information due to denoising were assessed in two ways; energy signal
preservation and spatial preservation. The attenuation values in representative ROIs from the
reconstructed images were compared before and after noise reduction to identify any FSID-induced
changes in the energy-specific attenuation values. MARS-MD was applied to identify improvements
in material classification post FSID. CT image noise was measured using the standard deviation (σ)
in selective ROIs in the energy bins. These metrics apply to the datasets described in section 3.2.2.
Modulation Transfer Function (MTF) was measured from the edge spread function (ESF) using the
slanted edge method [34] as an indicator of spatial resolution. A projection image of a polished edge
lead phantom was acquired using a Si detector at 55 µm pixel pitch. MTF was calculated in (i) a
42
[30-50] keV normalised projection image without FSID and (ii) a [30-50] keV normalised projection
image denoised with FSID. While MTF measurements are affected by charge sharing [50] and




The energy bin reconstructions of the CaCl2 multicontrast phantom are shown in Fig. 3.2. The
FSID processed image showed lesser noise in comparison to the non-FSID image at [32-50] keV.
The energy bin images were individually reconstructed using filtered back projection.
1
Fig. 3.2: FSID applied to spectroscopic phantom data from Si-Medipix3.1. Clockwise from 1: CaCl2 - 0.900,
0.720, 0.360, 0.180 mol/L, water and lipid. A - [25-50] keV energy bin image used as FSID reference, B -
[32-50] keV energy bin without FSID, C - [32-50] keV energy bin with FSID, and D - Difference image (B - C).
Phantom diameter = 25 mm, reconstructed voxel size = 29 µm3 (isotropic). LAC window for A, B and C is
[-0.5, 1] cm−1 and D is [-0.5, 0.4] cm−1. FSID parameters: W1 = 11× 11, W2 = 9× 9.
The regional attenuation corresponding to the CaCl2 solutions are plotted as a function of concen-
tration in Fig. 3.3B. The attenuation coefficients at different concentrations remained unaltered
after FSID confirming signal preservation.
Circular ROIs were selected in the [32-50] keV image corresponding to the available materials (refer
Fig. 3.3A) and the percentage noise reduction was calculated (Table 3.1). The image noise in the



































Fig. 3.3: Comparison of linear attenuation between FSID and non-FSID images in the [32-50] keV bin from
the multicontrast phantom. A - ROI selection in different regions of the phantom for analysis. B - Recon-
structed linear attenuation coefficients for different concentrations of CaCl2 solutions with and without FSID
demonstrate signal preservation.
Table 3.1: Percentage noise reduction in representative ROIs in the [32-50] keV energy bin of the multicon-
trast phantom.
Region of interest/material % Noise reduction
Lipid 25.0
Water 26.6
CaCl2 - 0.180 mol/L 25.5
CaCl2 - 0.360 mol/L 25.8
CaCl2 - 0.720 mol/L 26.9
CaCl2 - 0.900 mol/L 26.8
3.3.2 Mouse with iodine contrast
The FSID and non-FSID energy bin reconstructions from the mouse scan are shown in Fig. 3.4.
Subtracted bins were used for the MARS-ART reconstructions to enhance the visibility of the iodine
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K-edge discontinuity captured in the [35-48] keV energy range. Two circular ROIs were placed in the
iodine and soft tissue regions, and the corresponding attenuation values were compared between
FSID and non-FSID images as shown in Fig. 3.4B. The mean reconstructed attenuation values in the
representative ROIs in FSID and non-FSID images remained unchanged. This also demonstrates
that the iodine K-edge signal is preserved in the FSID processed images.
3.3.3 Excised carotid plaque
Fig. 3.5 shows the last two energy bins of the carotid plaque reconstructed using Octopus soft-
ware (filtered back projection method). An increase in image noise was noticed with decreasing bin
width. The noise plot in Fig. 3.6 confirms this behaviour for three representative ROIs (correspond-
ing to air, soft tissue and polymer). The residual noise level in the FSID processed images remained
similar in all the energy bins.
Material decomposition applied to the FSID and non-FSID images of the carotid plaque, and the
calcium-like material is shown in Fig 3.7. It can be observed that the material decomposition
process was able to produce clearer representations of the calcium-like regions after FSID. Without
FSID, several noisy pixels were mis-classified as calcium.
3.3.4 Spatial resolution assessment
Spatial resolution measured using the slanted edge phantom showed that the 50% MTF for non-
FSID and FSID images were 133.8 µm and 132.4 µm. The spatial resolution remains largely un-
altered after FSID as shown in Fig. 3.8 for the given testing conditions. MTF measurements in
photon-counting detectors are energy-threshold dependent [50]. Since a reference projection im-
age at the same threshold as the candidate image was used, the comparison between FSID and
non-FSID images was not influenced by the energy dependency of MTF. The FSID image used in










































Fig. 3.4: Noise reduction using FSID in contrast-injected mouse scan data. A - Energy bin reconstructions
from the data obtained using CdTe-Medipix3RX. Diameter of the sample holder is 28 mm, Voxel size = 77
µm3, window = [-0.09, 0.9] cm−1, and FSID parameters: W1 = 11 × 11, W2 = 5 × 5. B - ROI assessment
for FSID and non-FSID images. The average attenuation values within the ROIs were unaltered after FSID,
demonstrating the preservation of iodine K-edge signal (in ROI-2) in the spectral data. The highest percent-

































Fig. 3.5: Energy bin reconstructions of the carotid plaque scan data obtained using GaAs Medipix3.1. Two
out of eight energy bins are displayed here. Denoising was performed using [30-120] keV energy bin as the
reference. The plotted line profile corresponds to the dotted white line in the [70-120] keV image. External
diameter of the sample holder is 10 mm, voxel size = 40×40×120 µm3, Window = [-0.1,0.8] cm−1, and FSID
parameters: W1 = 11× 11, W2 = 9× 9.
3.4 Discussion and conclusions
The FSID technique exploits spatial correlatedness in the projection space to remove high frequency
image noise in narrow energy bins. Denoising prior to reconstruction is desirable to allow the use of
projection space material decomposition algorithms. Noise reduction was achieved in MARS multi-
energy data acquired using Medipix detectors, without substantially altering the energy or spatial
signals. Preservation of K-edge signal in FSID processed images was demonstrated. Since material
decomposition is highly sensitive to image noise [42], reducing noise in narrow bins can result in
better material discrimination. The highest SNR that can be achieved in the denoised image using
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Fig. 3.6: Noise reduction with FSID in 3 ROIs from the carotid plaque images. A - Selected ROIs for noise
measurement B - Image noise (σ) in the selected ROIs across the energy bins (unsubtracted). The residual
noise remained consistent across all energy bins post-FSID. An average of 15% noise reduction at [35-120]
keV and 74% noise reduction at [80-120] keV were achieved.
Fig. 3.7: Effect of FSID on material decomposition. A - [35-120] keV reconstruction showing calcifications in
the artery. B - Ca component overlay (yellow regions) on the reconstructed image. MD was performed on
denoised images. C - Ca component with noisy pixels overlaid (yellow regions) on the reconstructed image.
MD was performed on non-FSID reconstructions.
Narrow energy bin selection in current spectral CT routines is often restricted by low photon counts
and the resulting statistical noise. Increasing the x-ray flux to get higher photon counts in narrow
energy bins leads to the risk of pulse pile-up effect [51]. At the same time, wide energy bins
will have saturated pixels if x-ray flux is increased to accommodate more counts in narrow ranges.
Saturation occurs when the pixels cannot count beyond a particular electronic limit. In Medipix3RX,
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this is 4095 counts/pixel.
Since FSID uses spatial filters, there is an inherent trade-off between noise reduction, spatial blur-
ring and signal preservation. The FSID window sizes can be primarily determined based on mag-
nification and voxel size. In this chapter different window sizes were used for different datasets
since they all involved detectors with different pixel sizes and different magnification factors. Also,
having the W2 window size reasonably small (eg 3 × 3 or 5 × 5) will help avoid the risk of artificial
rims being added to structures in the denoised image. Further studies are warranted to optimise
window sizes and standardise the FSID implementation.
Since the datasets described in this chapter involved simultaneous acquisition of energy bins, they
are spatially registered by default. In case of sequentially acquired energy bins such as in dual-
energy CT where spatial misalignment between energy bins is possible, FSID should be preceded
by a motion correction scheme to correct for spatial dissimilarities.
Since FSID conditions the data in projection space, it is desirable to apply FSID prior to MD.
This is because for most of the spectral data processing techniques such as principal component
analysis [52] and independent component analysis [53], and basis material decomposition algo-
rithms [1, 12, 50], the input data is either projection images or reconstructions. In all these cases





















Fig. 3.8: Comparison of spatial resolution using MTF measured before and after FSID. The MTF at Nyquist
frequency (9.09 mm−1 for 55 µm pixel size) was 0.393 and 0.388 for non-FSID and FSID measurements
respectively.
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When imaging dense samples like metal implants, the energy bins tend to have local beam harden-
ing properties with low energies prone to severe metal artefacts compared to high energy bins [20].
Application of FSID in such a scenario is discussed in Chapter 7. Since FSID uses prior knowledge
from a reference energy bin, the reference image is expected to have low noise. In the Medipix3RX
detectors, an arbitration counter is available that is usually set just above the x-ray noise floor ( 8
keV for Medipix3RX), with the lowest threshold. The data from this counter can serve as a reference
for FSID since it has the highest SNR in the acquired data. Extending FSID to truncated spectral
data (interior tomography) as acquired in hybrid-CT systems [53–55] requires further study.
In conclusion, a projection space image denoising technique for multi-energy CT was developed
and noise reduction in spectral data obtained using photon-counting detectors was demonstrated
in this chapter. By exploiting the common geometry between projection images, FSID preserved
the spatial and spectral information while reducing image noise. Reduction of image noise allows
optimal selection of narrow energy bins, and subsequently better spectral sampling. This can lead
to better data utility and dose utility.
3.5 Translational outcomes
My contributions to this chapter is the formulation of the denoising technique, algorithm devel-
opment, and testing its application to MARS datasets. I was awarded the Rutherford prize at the
annual Biongineering conference held at University of Otago, Christchurch, New Zealand where
this work was presented. Recently, FSID has been coded into the current MARS commercial soft-
ware release by Niels de Ruiter (University of Otago, Christchurch, New Zealand). The carotid
plaque and mouse datasets described in this chapter were obtained by Joe Healy (University of
Canterbury, Christchurch, New Zealand) and Raj Panta (University of Otago, Christchurch, New
Zealand). Current preclinical users of the MARS small-animal scanners use FSID for noise reduc-
tion in their scans. A patent application has been filed relating to this noise reduction technique.
Patent application




• The development, implementation and validation of an image based denoising technique were
presented in this chapter.
• Noise reduction was demonstrated on different test cases involving preclinical scan data and
phantom experiments using Medipix detectors.






In this chapter, multi-energy CT image segmentation using component analysis techniques is pre-
sented. Image segmentation is used to discriminate intrinsic markers (tissue-types) and contrast
pharmaceuticals prior to density quantification. The application of principal component analysis
(PCA) and independent component analysis (ICA) to MARS data is discussed. These classification
techniques are commonly used in face recognition and blind-source separation. MARS data can
be treated as a mixture of signals (material information), and source separation techniques can be
used to unmix these specific material signals. The image segmentation methods are described in
the context of a hybrid-CT system (for ICA) and an additive manufacturing/biomaterial application
(for PCA). A method to integrate PCA-based segmentation to the existing MARS-MD framework is
illustrated.
The research question addressed in this chapter is related to the optimisation of techniques and
methods to achieve image segmentation in multi-energy CT. PCA and ICA are well established image
segmentation techniques and several variants of such component analysis techniques have been
reported for pattern/feature classification applications [52,56,57]. Even within the field of spectral
CT, application of PCA for multi-energy image segmentation has been reported [52, 54, 55]. In
this chapter, material segmentation methods for multi-energy data that overcome the limitations
of the previously reported methods are presented. This align with the short term goals of the
research where these segmentation methods serve the orthopaedic applications of MARS, in this
case contrast imaging and characterisation of additive-manufactured scaffolds.
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4.1 Introduction
Image segmentation is used to discriminate different materials in the multi-energy data. MARS-
material decomposition incorporates a segmentation step prior to density quantification using con-
strained least squares method [42]. Qualitative image segmentation using PCA to differentiate
materials in the multi-energy images has been reported [52, 54, 55, 58]. The term qualitative is
used here since these methods achieve image enhancement/segmentation and not material density
quantification. These techniques were used, and to some extent are still being used in research
environments since they are able to differentiate multiple materials based on their spectral sig-
natures. Butler et al. [52] first reported the use of PCA for processing biological scan data from
a photon-counting system. Individual principal components (PCs) were combined to form a com-
posite colour image thereby providing image enhancement in regions that were spectrally distinct.
Using this approach, bone (calcium), iodine and barium were distinguished in a mouse. Since then,
several reports describe the use of PCA for image segmentation. Bennett et al. [54] and Xu et
al. [55] in their hybrid-CT system used PCA to extract distinct features from highly correlated data.
True-color interior reconstruction was achieved using PCA-based segmentation for hybrid-CT scans
involving phantoms, atheroma, and mouse with gold nanoparticles. The application of ICA to multi-
energy data from photon-counting systems is not available in the literature. The main property
that distinguishes ICA from PCA is that the former looks for statistical independence in the input
data. In section 4.2.2 of this chapter, a comparison between PCA and ICA for multi-energy data is
reported. ICA has been used in other forms of medical imaging such as dynamic contrast enhanced
imaging [57] and MRI for soft-tissue enhancement. [56].
First part of this chapter presents the application of ICA to a hybrid-CT system that involves a local
spectral tomography chain alongside a conventional CT. A comparison between image segmentation
using ICA and PCA is discussed. The second part of this chapter presents a training approach using
PCA that trains on prior data. By using prior data, this method overcomes the qualitative nature
of PCA segmentation reported in the literature. Application of this technique to segment strontium
regions in an additive-manufactured scaffold is presented.
To avoid confusion, the PCA segmentation that involves training described in the later parts of
the chapter is termed as tPCA, while the PCA method reported in literature that does not involve
training is simply termed as PCA.
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4.2 Hybrid spectral micro-CT
A hybrid-CT system can be realised using a conventional energy-integrating detector based CT
and a spectroscopic detector based CT. The idea behind the development of such a hybrid-CT is
to incorporate spectral imaging technology to the existing conventional CT framework to receive
the immediate benefits of photon-counting detectors such as improved soft tissue contrast [54] for
near-term implementation. It is understood that photon-counting detector technology is relatively
new and is subject to evolution in order to address issues such as pulse pile-up and charge sharing
effects [59]. Also, sensor fabrication and development of spectral detector arrays are challenging,
both from scientific and manufacturing perspectives and are still under investigation. On the other
hand, energy-integrating detectors used in CT are well established and by integrating a spectral
component to this conventional imaging chain, it is possible to exploit the benefits of both the
systems.
The hybrid-CT described in this chapter involved a global energy-integrating imaging chain and an
interior spectral chain. By limiting the spectral chain to a region of interest (interior tomography),
the x-ray dose and scan time can be reduced. Also, a smaller detection area would suffice for inte-
rior tomography. Compressed-sensing based iterative reconstruction technique (CS-SIT) [60] was
chosen due to its efficiency in reconstructing truncated data without compromising the spatial or
spectral information, while statistical iterative reconstruction with a total-variation regularization
constraint (SIR-TV) [61] was used for the full FOV reconstruction. The hybrid-CT framework with
ICA-based segmentation is illustrated in Fig. 4.1.
4.2.1 Methods
The following data were used for testing the hybrid-CT setup and ICA-based segmentation: (i) Simu-
lated contrast phantom, (ii) Simulated thorax phantom, and (iii) Contrast phantom scan. The simula-
tions were performed using fan-beam projections using the method described by Xu et al. [55]. The
energy-specific linear attenuation for the spectral data was simulated based on NIST [19] and the
source spectrum was simulated using Spektr [62]. The detection efficiency of GaAs was used in this
simulation. The physical phantom comprised a 25 mm polymethylmethacrylate (PMMA) cylinder
with capillaries of 6 mm diameter. Each capillary contained a PCR tube (Eppendorf, Sigma-Aldrich,
MO) with various concentrations of gadolinium-based Magnevist (Berlex Laboratories, Wayne, NJ)
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Fig. 4.1: Overview of hybrid-CT system with interior spectral chain. The reconstructed images on the right
compares interior spectral tomography (top), hybrid tomography (middle), and conventional grayscale to-
mography (bottom).
contrast and iodine-based Omnipaque 300 (GE Healthcare, Princeton, NJ). Gd and I contrast agents
are also used in quantitative cartilage imaging described in chapter 6. The phantom schematics are
shown in Fig. 4.2.
The hybrid spectral micro-CT involved a MARS scanner for the spectral chain, and an Xradia XCT
conventional micro-CT (Xradia, Pleasanton, CA). The spectral datasets involved two energy ranges,
[28-38] keV and [38-55] keV bins while the conventional chain involved a single energy integrating
range with 80 kVp tube potential. The spectral detector used was GaAs-Medipix3.1. The recon-
structions were performed using CS-SIT and SIR-TV techniques for the hybrid data.
4.2.2 Independent Component Analysis
ICA is a statistical multivariate data processing technique that is used in blind source separation. In
this chapter, ICA was used to perform image segmentation in the reconstructed hybrid-CT data. In
the context of spectral datasets, material signals that are statistically independent are assumed to
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A B
Fig. 4.2: Contrast phantom and thorax phantom layout. A - Region (1) is PMMA, (2),(4), and (6) are 0.5,
0.05 and 0.005M gadolinium solutions respectively;(3),(5),and(7) are 0.5,0.05, and 0.005M iodine solutions
respectively. B - Region (1) is soft tissue, (2) is partially inflated lungs, and (3) is bone. Region (4) represent-
ing heart contains a combination of tissue and gadolinium (0.3M), and region (5) representing blood vessels
contain mixture of blood and iodine (0.3M).
be in the form of mixed signals in the observations, and by transforming the data into independent
components, the distinct material signals can be extracted. The main property that differentiates
ICA from PCA is that ICA looks for statistical independence whereas PCA looks for correlations
(uncorrelatedness) in the observed data [63]. A set of spectral reconstructions {µs(x)}Ss=1 can be















where M is the mixing matrix to be estimated, N≤S is the number of independent components. µ
and µ̂ is a row vector with voxel index x for S energy bins. FastICA algorithm [63] was used which
is an iterative technique that results in components that are statistically independent of each other.
FastICA algorithm involves a preprocessing linear transformation step (referred to as whitening)
that results in components that are uncorrelated from each other. This whitening process involves
eigen decomposition of the input data (explained in section 4.3.2). Assuming one of the input data
vectors x is a linear mixture of independent components, a weighting vectorw is initialised (with ar-
bitrary values) and its direction is iteratively estimated such that the transformationwTxmaximises
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non-Guassianity. This is due to the assumption that each input signal has a non-Gaussian distribu-
tion. When this criterion is satisfied, wTx is one of the independent components. To estimate more
than one independent components, this step is repeated with decorrelated w vectors. Each of these
computational units can be treated as an artificial neuron in a neural network scheme [53]. Fig 4.3
illustrates PCA and ICA for an example of two observed random variables.
Fig. 4.3: Illustration of ICA and PCA for two random variables. The observations are linearly-mixed one
dimensional random variables. The scatter plot shows that the observations are transformed (skewed and
rotated) versions of the original signals. Centering and whitening remaps this data onto eigen space based
on eigen transformation. The resulting prinicipal components (PCs) of this eigen transformation of the ob-
servations represent variance within the data, with the first PC having 75.7% variance. ICA routines such as
the FastICA rotates this centered and whitened data in such a way that their distributions show maximum
non-Gaussianity, thus resulting in an approximation of the original data. This illustration shows the effects
of PCA and ICA transformations on the observed data. The whitened data is based on PC variance while
the ICA estimate is based on statistical independence iteratively computed using non-Gaussianity measure.
MATLAB script for this plot was adopted from EEGLAB, University of California, San Diego, USA. Accessed
from <http://sccn.ucsd.edu/ arno/indexica.html>
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To apply fastICA to the hybrid-CT images, first the full FOV spectral images were used to esti-
mate the mixing matrix. This mixing matrix was then used to transform the hybrid data to achieve
image segmentation. The estimated independent components, called channels henceforth, are dif-
ferent from material channels from basis decomposition algorithms such as the one from Roessl and
Proska [26] or Bateman [42]. Here, independent components simply differentiate materials based
on statistical independence in the input multi-energy images. Information about material-specificity
in channels can be achieved using prior training. Such a training strategy will be explained in the
second half of this chapter involving PCA.
ICA segmentation resulted in enhancement of contrast regions in the respective channels. Back-
ground subtraction was performed to these channels and were compared voxel-wise. Binarisation
was performed as below.
fI(x) =





1, if µ̂Gd(x)− µ̂I(x) > ε;
0, otherwise
(4.2)
where fI(x) and fGd(x) are binary images with segmented iodine and gadolinium voxels respec-
tively, µ̂I(x) and µ̂Gd(x) are the iodine and gadolinium channels estimated using ICA respectively,
and x is the vectorised image voxel index. A small tolerance (dead-zone) ε was introduced to ac-
count for noise in the segmented images.
4.2.3 Results
The colour mapped images from ICA using Eq. 4.2 for gadolinium and iodine contrast agents in
the simulated phantom are shown in Fig. 4.4. Here fGd(x) was mapped to red and fI(x) mapped
to green. Accounting for the dead-zone, it was noticed that a particular voxel either was assigned
to gadolinium channel or iodine channel. Material misclassification was noticed outside the ROI at
smaller FOVs but this was reduced with increasing interior FOV.
A comparison between PCA and ICA applied to the contrast phantom scan data is shown in Fig. 4.5.
It was observed that ICA was able to clearly distinguish between gadolinium, iodine and PMMA
and assigned them to three different independent components (channels). With PCA, gadolinium
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Fig. 4.4: ICA segmentation of hybrid spectral reconstruction of simulated contrast phantom with interior
FOVs (A) 50%, (B) 60%, and (C) 70% of full FOV. Red corresponds to gadolinium concentrations, and green
corresponds to iodine concentrations, and the white circle represents ROI for interior reconstruction.
(region 2, refer Fig. 4.2A) was split into second and third principal components, and gadolinium in
region 3 could not be segmented in the prinicipal components.
Fig. 4.5: ICA and PCA segmentation for the full FOV spectral data from the contrast phantom scan recon-
structed using CS-SIT method. Top row (ICA) represents the first (A), second (B) and third (C) independent
components respectively. Bottom row (PCA) represents the first (D), second (E) and third (F) principal com-
ponents respectively.
Fig. 4.6 shows the ICA segmentation applied on the simulated thorax phantom reconstructed us-
ing FDK method. ICA was able to clearly distinguish between regions corresponding to iodine,
gadolinium and calcium while soft tissue was distributed among all channels.
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Fig. 4.6: ICA applied to the simulated thorax phantom reconstructed using filtered back projection. A shows
iodine in the blood vessel regions, B shows gadolinium and C shows calcium in bone. The soft tissue and air
(in lungs) is distributed among all the three independent component channels.
The simulated contrast phantom reconstruction was subjected to two different tests; (i) Compari-
son of different FOV sizes with different reconstruction methods, and (ii) Comparison of different
number of interior projections used in the reconstruction. In both these tests, ICA was able to
successfully segment iodine and gadolinium regions as shown in Fig. 4.7.
I II
Fig. 4.7: Hybrid spectral reconstructions after ICA colour-mapping of simulated projection data with interior
FOVs. I - % of full FOV and reconstruction method - A: 46% and FBP, B: 46% and CS-SIT, C: 74% and FBP,
D: 74% and CS-SIT. II - Interior FOV 60% of full FOV, projection number and reconstruction method - A: 100
and FBP, B: 100 and CS-SIT, C: 700 and FBP, D: 700 and CS-SIT.
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4.3 Image Segmentation using PCA
In this section, a PCA-based segmentation technique is presented. It involves training using prior
knowledge of candidates (materials). The knowledge base includes the attenuation profiles of mate-
rials in a given concentration range across the acquired energy ranges, and since different materi-
als have distinct spectral signatures, a library of these signatures can be prepared using calibration
phantoms. When a candidate image is subjected to segmentation, tPCA classifies individual voxels
as belonging to a particular class of material. This can be accompanied by a regular linear least
squares technique [42] to quantify material densities. MARS scan data of a CaCl2 phantom that
was earlier described in chapter 3 and an additive-manufactured strontium bioglass scaffold were
used to demonstrate this segmentation method.
4.3.1 Methods
The two samples used to demonstrate image segmentation using tPCA were scanned using a MARS
scanner equipped with a Si-Medipix3.1 at a tube voltage of 50 kVp. The photograph of the stron-
tium scaffold is shown in Fig. 4.8. The electrospun scaffold contains strontium bioglass (10% Sr
substituted bioactive glass particles in polycaprolactone). The usual assessment involves destruc-
tive methods such as histomorphometry or surface assessment using scanning electron microscopy.
Scaffolds such as these are used for local delivery of osseopromotive agents like Sr that enhance
bone growth. The aim is to deliver Sr in sites where new bone growth is intended, and Sr substi-
tutes Ca in the new bone thereby strengthening the bone. Certain Sr compounds such as strontium
ranelate are dubbed as dual action agents [9] capable of inhibiting osteoclasts (responsible for
bone resorption) and promoting osteoblast activity (responsible for bone formation), and are used
in treatment of osteoporosis. While several tissue engineered approaches are being investigated
for local Sr delivery [64], the purpose of this study was to determine if Sr can be non-destructively
identified in the SrBG-polycaprolactone (PCL) scaffold.
4.3.2 Prinicipal Component Analysis
PCA is a simple mathematical transformation technique that compresses multivariate data into
fewer meaningful components. Like ICA, it is a powerful dimensionality reduction technique used in
blind source separation and face recognition [65,66]. As mentioned earlier, PCA uses correlatedness
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Fig. 4.8: Photograph of electrospun SrBG/PCL scaffold.
as a measure for estimating principal components, and these components emphasise variation and
patterns within the data. The first component represents the maximum variance, and the PCs are
sorted in a decreasing order of variance. So far, the use of PCA for MARS data [52,54,55] involved
transforming multi-energy images into PCs followed by treating the first few PCs as individual
colour components. This approach, similar to the ICA implementation described in the previous
section is a qualitative segmentation. A set of PCs are produced {µ̂c} with a separating/mixing















where µn is a row vector representing an energy bin and µc is a row vector representing a principal
component. There are E energy bins that are decomposed into C principal components, and usu-
ally C = E, unless dimensionality reduction is intended where C < E. The components are sorted
in order of decreasing variance, and the first few components can be used to form an enhanced
colour CT image. However this approach is limited in that it does not classify materials directly
based on their spectral attenuation profiles but uses variance as a measure to unmix the signals. To
differentiate multiple materials that exhibit distinct spectral signatures (such as iodine vs. gadolin-
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ium), it is essential to train the PCA algorithm using prior knowledge. This prior knowledge can be
obtained using a multicontrast phantoms such as the ones used in basis decomposition [1,42].
To perform PCA training (tPCA) on MARS multi-energy data, a library of materials {L} is defined
such that
L = {M en(x)} (4.4)
where e = 1, ..E is the energy bin index and n = 1, ..N is the material index. Each column in
L is a particular voxel with index x belonging to a particular material Mn vectorised along the
energy dimension. So if L contains 500 voxels (indexed x in Eq. 4.4) representing a particular
material with 8 energy bins, then the training matrix order will be 8 × 500. It is to be noted that
a particular material class Mn can contain multiple concentrations of the same material that will
improve material classification. The concentration range in this segmentation step does not quantify
material densities, but only classifies materials. However, it is important to classify materials prior
to quantifying their densities/concentrations [42]. A good analogy to this classification approach
is a face recognition system. The classification accuracy improves when more facial photographs
of individual candidates are stored in the data library. While training PCA using MARS calibration
data, it is suitable to have two or three concentrations per material for training. This is due to the
effects of density on linear attenuation profiles of materials in multi-energy data. This is presented
in chapter 5. Once the training matrix of order P × Q with all the candidate materials has been
established, it is mean-centered as
Sij = Lij −Ami (4.5)
where i = 1 to P and j = 1 to Q corresponds to row index and column index respectively, and m
is a column-vector where the elements are mean values of the rows in L. A is a matrix of all ones
of the order 1×Q. Following mean centering, the covariance matrix of L is calculated as
C = SST (4.6)
where the superscript operator T denotes matrix transpose operation. The order of this covariance
matrix is P × P and its eigen decomposition satisfies the following relation.
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Cvj = SS
T = λjvj (4.7)
where vj is the j
th eigenvector and λj is the corresponding eigenvalue. For simplicity, the eigen-
vectors are collectively termed as a matrix V with each column indexed as j representing an eigen-
vector, and the eigenvalue matrix (a diagonal matrix with eigenvalues) asD. The eigenvalues relate
to the principal component weight using which the corresponding eigenvectors can be sorted (in
the order of increasing or decreasing variance) or eliminated (for dimensionality reduction). For
segmentation, all the non-zero eigenvalues are retained. The principal component weight can also
be exploited for noise reduction purposes [49], but this was beyond the scope of this study. The
eigenvector matrix can be used to transform the mean-centered training matrix S from its original
space to principal component space. This can be achieved by
Uj = V
TAj (4.8)
where Uj is the j
th observation in eigenspace. In other words, the columns of A from the observa-
tion space are now transformed to eigenspace. There will be Q vectors in eigenspace which will be
used later to classify a candidate voxel when subjected to PCA segmentation. A primary criterion
for this approach to be functional is that the calibration data should be obtained using the same
scan settings as the candidate data. Similar to Eq. 4.4, the columns in U belong to a particular
material class, but in eigenspace.
When a set of candidate energy bin images are subjected to tPCA-based segmentation, every voxel
in the image set is vectorised (along energy dimension) and subjected to the same transformation
as in Eq. 4.8 after mean-centering (Eq. 4.5). In the eigenspace, we now have a group of projection
vectors from the training, and a candidate projection vector from the image set. The squared
Euclidean distance (Eq. 4.9) between this candidate vector and the existing training vectors is
measured and then used to classify the candidate vector as belonging to a particular material class.
The squared Euclidean distance is popular in face recognition systems, but other distance metrics
such as the Mahalanobis or Manhattan [67] can be used alternatively.
∆j = ‖Uj −Bk‖2 (4.9)
where ∆j is the squared Euclidean distance between the j
th training vector and the kth candidate
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vector. For every given candidate vector indexed k, a total of Q distance values will be estimated.
The minimum distance from these Q values will be identified i.e. the candidate vector will be
assigned to the material class Mn whose training vector (Uj) shares the minimum distance with
the candidate image vector (Bk).
The current MARS-MD routine involves an intensity-based segmentation for differentiating air, soft
tissue and high-Z materials using Euclidean distance metric in the reconstructed energy bins [68],
followed by a non-negative least squares (NNLS) algorithm with volume constraints for soft-tissue
quantification and a combinatorial compressed sensing (CCS-MD) algorithm for high-Z quantifica-
tion [42]. The tPCA classification routine can be used as an alternative approach to the current
segmentation of MARS-MD, with the second half of the chain retained (CCS-MD and NNLS). The
input calibration data to MARS-MD are attenuation values that represent candidate material bases
(linear attenuation or mass attenuation). Typically these values representing different materials are
computed from ROIs, and are used in the segmentation and quantification steps of MARS-MD. In
contrast, the calibration input to tPCA is a set of voxels (linear attenuation) that correspond to a set
of materials (represented by the training matrix). By using a texture representation of a material
for calibration, the inter-voxel variations are accounted for in the calibration/training.
Scan parameters
The scan settings for the CaCl2 phantom and the strontium scaffold is listed in table 4.1. The
reconstructions were performed using Octopus software.
Table 4.1: Scan parameters for CaCl2 phantom and Sr scaffold scans.
Parameter CaCl2 phantom Sr scaffold
Detector Si Medipix3.1 Si Medipix3.1
Pixel size 55 µm 55 µm
Source voltage 50 kVp 50 kVp
Tube current 300 µA 300 µA
Exposure time 800 ms 800 ms
Filtration 1.8 mm Al (intrinsic) 1.8 mm Al (intrinsic)
Energy thresholds 25 and 32 keV 20 and 30 keV
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4.3.3 Results
The tPCA segmentation results for the CaCl2 phantom are shown in Fig. 4.9. The individual material
channels were segmented based on the materials used in training. The training was performed
using 5 candidates namely air, water, lipid, CaCl2 at 0.180 and 0.900 mol/L. The ROIs used in the
training is shown in Fig. 4.9B. It was observed that the other two concentrations of CaCl2 that was
not used in the training were identifed by the segmentation algorithm. Minor ring artefacts and
partial volume effects were identified in the lipid channel.
Fig. 4.9: A- Materials segmented using tPCA, B- Regions used in training. The triangular ROIs marked
correspond to regions of lipid, water, CaCl2 at 0.180 and 0.900 mol/L and air. C- A colour composite image
of 3-material segmentation using tPCA.
Fig. 4.10 shows the ROIs used in tPCA training. The ROIs correspond to reference Sr concentra-
tions (5 and 10 mgSr/ml), Perspex (surrogate for PCL), and air. The results of tPCA segmentation
for Sr scaffold are shown in Fig. 4.11. A colour composite image was obtained by treating the
segmented Sr channel as green component overlaid on the [20-30] keV energy bin image.
tPCA was able to locate voxels corresponding to Sr based on prior training. The PCL regions were
approximated as PMMA since PCL material was not available for tPCA training. Similarly, strontium
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Fig. 4.10: ROIs used for training of tPCA. The arrow marks indicate the location of the scaffold placed on a
PMMA slab with reference concentration vials taped around the slab. The right vial corresponds to 5 mg/ml
and left vial corresponds to 10 mg/ml. Refer Fig. 4.11 for a saggital view of the scaffold.
nitrate solutions were used in the training since SrBG concentrations were not available. The result
shown in Fig. 4.11 is pseudo-quantitative ie. separation of candidate materials was achieved, but
not density quantification.
Fig. 4.11: PCA segmentation of Sr scaffold. A - Energy bin image at 20-30 keV. B - tPCA segmented image
displaying Sr regions (yellow region) over the energy bin background (red region). The colour image was
obtained by treating the 20-30 keV energy bin image as red component and the Sr segmented image as the
green component in the RGB colourspace. Voxel size = 30.5 µm3.
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Binary images were generated from tPCA segmentation and MARS-MD was used to quantify the
Sr density. Fig. 4.12 shows the Sr concentration. The reference concentrations of 5 mg/ml and
10 mg/ml from the calibration vials (shown in Fig. 4.10) were used to obtain the density map.
MARS-MD uses a non-negative linear least squares method to assign material densities to classi-
fied/segmented materials, strontium in this case.
Fig. 4.12: Sr density map obtained by integrating tPCA segmentation with MARS-MD.
4.4 Discussion and conclusions
PCA and ICA are well-established techniques in the field of machine learning, blind source sepa-
ration, spectral unmixing and face recognition [65,66, 69]. In this chapter, ICA was introduced to
hybrid-CT data processing to achieve image segmentation involving gadolinium, iodine and PMMA
materials. While transforming multi-energy data into source components, ICA produced better
segmentation results than PCA due to the use of statistical independence as a measure to unmix
constituent signals. One of the limitations of ICA is its implementation (FastICA), which is iterative
and computationally intense compared to PCA. This is the main reason why ICA was not adopted
for training based segmentation in this study.
The implementation of a training-based PCA method to classify materials was demonstrated in the
second half of this chapter. This approach was able to successfully classify calcium and PMMA in a
phantom, and locate strontium regions in an engineered scaffold. The tPCA approach was aimed to
produce quantitative image classification unlike its earlier versions [52,54,55] used in spectral im-
age processing. By integrating tPCA segmentation to the existing MARS-MD routine, quantification
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of material densities was achieved. The tPCA method differs from the intensity-based segmenta-
tion in the current MARS-MD in that tPCA uses a region/texture as an input which accounts for
inter-voxel variations during training, whereas the current intensity-based segmentation of MARS-
MD [42] uses mean values calculated from ROIs. When scanning a large number of samples, it
is sufficient to obtain a generic training matrix for calibration which can then be used for image
segmentation for all the datasets, provided the scan settings and energy thresholds are maintained
consistent. The tPCA segmentation technique was described in the context of a calcium phantom
experiment and a strontium scaffold scan, and the same method has been applied to classify up
to 7 different materials including gadolinium, gold, iodine, calcium, water, lipid-surrogate (oil) and
air [70].
There are different material decomposition techniques that exploit photoelectric and Compton com-
ponents of x-ray interaction in projection space or reconstructed-image space to classify and quan-
tify materials. While PCA and ICA as described in this chapter can be used for classifying materials
from the acquired data, a potential future application of component analysis will be in classifying
disease processes [71]. For example, a material decomposed image of an osteoarthritic cartilage
with iodine distribution as a marker for cartilage health can be used to obtain a cartilage grading
system based on the amount of iodine present in the different zones of cartilage. A component-
analysis based computer-aided diagnosis [71] that can be trained to differentiate normal cartilage
from abnormal cartilage based on iodine distribution (spectral) and CT information (spatial) could
improve diagnostic accuracy and facilitate treatment planning strategies. This warrants further in-
vestigations. Multi-energy CT or spectral CT is still in its nascent stage and subject to evolutionary
improvements before such computer-aided diagnosis tools can be developed.
In conclusion, component analysis techniques have been used by spectral CT researchers to differ-
entiate materials from multi-energy images [52,54,55] and better exploitation of these techniques
was demonstrated in this chapter in the context of a hybrid-CT system, and strontium detection in
a 3D-printed strontium scaffold. While these techniques are not intended to replace basis material
decomposition, they serve as preliminary tools to assess material discrimination, and in some cases
accompany basis material decomposition as discussed in this chapter. Component analysis is not
limited to ICA and PCA, and several other PCA/ICA variants and blind source separation techniques
have been developed to achieve application-specific goals. Modifications to these methods may
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arise depending on the clinical and preclinical requirements where materials and disease processes
need to be characterised. In this chapter, reconstructed CT voxels were classified into materials
using prior knowledge, and the future work could potentially involve transforming structural and
compositional information from multi-energy CT into underlying disease processes.
4.5 Dissemination of this research
1. Alex M. T. Opie, James R. Bennett, Michael Walsh, Kishore Rajendran, Hengyong Yu, Qiong
Xu, Anthony Butler, Philip Butler, Guohua Cao, Aaron M. Mohs and Ge Wang, Study of scan
protocol for exposure reduction in hybrid spectral micro-CT, Scanning, 2014, 36(4): 444 -
455.
The hybrid-CT study described in this chapter was primarily carried out by Alex Opie (Uni-
versity of Canterbury, NZ) and James Bennett (Virginia Tech, USA). My contrbution to this
paper was the ICA methodology for image segmentation.
2. R. K.Panta, R. Aamir, J. L. Healy, K. Rajendran, N. J. A. de Ruiter, M. Moghiseh, A. P. H.
Butler, N. G. Anderson, S. P. Gieseg and P.H. Butler, Multiple K-edges imaging with MARS-CT:
Proof of concept, Proceedings of the Annual Conference of the New Zealand Branch of the
Australasian College of Physical Scientists and Engineers in Medicine, NZPEM, November
2014.
Up to 7 materials were classified using the PCA methodology described in this chapter and
was presented at the NZPEM Annual conference, Christchurch, 2014. This phantom study
was headed by Raj Panta (University of Otago, NZ) and my contributions to this study was
experimental planning and material classification using tPCA approach.
3. K. Rajendran, Amber Malpas, Seamus Tredinnick, A. P. H. Butler, T. B. F. Woodfield, N. G.
Anderson, Non-destructive strontium quantification in engineered bioglass scaffolds using
Medipix photon-counting detectors, Manuscript in preparation.
This paper includes the study on strontium segmentation of the bioglass scaffold discussed
in this chapter. I was the primary investigator in this study and contributed to experimental
planning, MARS data acquisition, data processing (including tPCA) and analysis.
4. Ryan Roeder, Prakash Nallathamby, Tyler Curtis, Tracie McGinnity, Margaret Best, Joe Healy,
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Kishore Rajendran, Philip Butler, and Anthony Butler, Nanoparticle Contrast Agents de-
signed for Spectral CT, presented at the 3rd workshop on medical applications of spectro-
scopic x-ray detectors, CERN, April, 2015.
This presentation was delivered by Dr. Roeder at CERN. The PCA method described in this
chapter was used in Dr. Roeder’s study to spectrally discriminate gold, gadolinium and
hafnium nanoparticles that are being developed for biomedical applications.
The MARS-MD routine runs on MATLAB software. The default workflow starts with an
intensity-based segmentation on multi-energy images followed by material quantification.
The option of using tPCA instead of the default intensity-based segmentation is available
to users. Segmented binary images from tPCA serve as input to MARS-MD for density quan-
tification.
4.6 Summary
• Image segmentation in hybrid-CT system was achieved using independent component analy-
sis. Gadolinium, iodine and PMMA were successfully segmented using ICA.
• Results from ICA based segmentation in hybrid-CT data were compared with those obtained
from PCA. ICA resulted in better segmentation results in both global and interior tomography
reconstructions.
• A training based PCA (tPCA) segmentation method was described and the performance was
demonstrated in a CaCl2 phantom and a 3D-printed strontium bioglass scaffold.
• It was shown that this tPCA approach resulted in material classification including calcium-
water-lipid discrimination in the phantom, and strontium vs. PCL in the 3D-printed scaffold.
• By integrating the segmentation results from tPCA method with MARS-MD, strontium density
quantification was achieved. This makes tPCA segmentation a part of a quantitative routine




In this chapter, a concept of hidden K-edge is described and experimentally verified. K-edge imaging
is commonly used for visualising contrast pharmaceuticals (with relevant K-edges) in dual-energy
and multi-energy x-ray imaging. The theory behind hidden K-edge effect is provided, followed by
an experimental verification using MARS scanner. Recovery of this hidden K-edge of contrast phar-
maceuticals using basis decomposition is discussed. This hidden K-edge phenomenon is relevant to
orthopaedic imaging involving K-edge pharmaceuticals, for instance, quantitative cartilage imaging
using gadolinium or iodine which is explained in chapter 6.
The short term benefits of this study can be related to an improved MARS-MD implementation
where mass attenuation is used as basis for decoupling material signals. This also aligns with the
long term goal of this thesis that aims to enable spectral technology for quantitative imaging for
orthopaedic applications such as grading of cartilage health. Contrast media are used in cartilage
imaging, and novel bone markers such as strontium compounds are also being developed. While
performing K-edge imaging of such contrast markers, a better understanding of K-edge hiding is
crucial, and should be accounted for during image processing and analysis.
5.1 Introduction
Medical x-ray imaging sometimes involves the use of contrast pharmaceuticals to highlight certain
anatomical regions which are otherwise not clear. These contrast pharmaceuticals typically contain
heavy elements (highly attenuating materials) compared to the targeted tissue. For instance, car-
tilage is a low attenuating soft tissue that may not provide any diagnostic information in a regular
x-ray acquisition (plain radiography or CT). By targeting the cartilage with a contrast agent such
as gadolinium, the heavy element in the cartilage enhances the regional image contrast, thereby
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allowing clinicians to perform diagnostic assessment. Another case of contrast-enhanced imaging is
angiography, where a contrast pharmaceutical such as iodine is used to visually enhance the blood
vessels. Contrast pharmaceuticals such as iodine, barium, gadolinium and gold have a character-
istic jump in their attenuation signatures within the diagnostic x-ray range (30-140 keV). K-edge
is the increase in attenuation occuring at a particular energy above the binding energy of the el-
ement’s K-shell electrons. While single-energy imaging methods such as CT or x-ray radiography
do not particularly exploit the materials’ K-edges for imaging, methods such as digital subtraction
angiography, dual-energy CT and multi-energy CT utilise K-edge information for imaging.
To perform K-edge imaging, a measurement on either side of the K-edge is required. In the context
of multi-energy imaging such as MARS, energy bins can be set on either side of the K-edge to record
the K-edge discontinuity. In dual-energy CT using energy-integrating detectors, two energy ranges
with their respective mean energies set on either side of the K-edge are required to capture the
K-edge discontinuity. Synchrotron radiation, where two monochromatic energies placed on either
side of the K-edge, can provide high resolution K-edge imaging. Using the aforementioned acqu-
sition methods for K-edge imaging, the problem is then to locate and quantify anatomical regions
containing the K-edge material. To achieve this, basis decomposition or material decomposition
methods [12], or digital subtraction methods are employed. In basis decomposition, the contribu-
tions from the K-edge material is decoupled from the composite measured signal. In digital K-edge
subtraction, the two images acquired from either side of the K-edge are subtracted leading to a
signed image intensity (-/+) depending on regions with and without the K-edge material(s). The
digital subtraction method however does not decouple the K-edge signal from the measured com-
posite signal, leading to a question on sensitivity (minimum concentration that can be resolved with
confidence) of subtraction techniques for identifying contrast pharmaceuticals in combination with
other materials such as tissue-contrast, contrast-contrast or contrast compound (K-edge material in
addition to other constituents in the pharmaceutical).
In this chapter, an investigation on the theoretical minimum concentration for K-edge elements that
can be identified using subtraction imaging is presented. Two relevant cases are provided: CT data
with reconstructed linear attenuation coefficients (LAC), and CT data with reconstructed Hounsfield
Unit (HU). The experimental observation for this minimum concentration is provided using MARS
scanner for gadolinium and iodine contrast pharmaceuticals. The ability of basis decomposition to
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Fig. 5.1: Mass attenuation (semi-log) of different contrast markers and tissues.
identify concentrations below the minimum concentration for K-edge subtraction is demonstrated.
5.2 Theory
Contrast pharmaceuticals containing barium, iodine or gadolinium and novel nanoparticles involv-
ing gold or hafnium compounds contain a characteristic K-edge in the diagnostic x-ray imaging
range (refer Fig. 5.1). Besides serving as radio-opaque materials, the materials’ K-edge serve as
a distinct feature that improves quantitative differentiation of anatomical regions containing those
contrast pharmaceuticals and background materials such as bone. Bone containing hydroxyapatite
whose K-edge is not present in the imaging range, tend to appear radio-opaque with HU or LAC
similar to that of the contrast pharmaceutical. In such a scenario, K-edge imaging of the contrast
pharmaceutical can help in material discrimination.
K-edge subtraction technique involves subtraction of two x-ray images acquired from either side
of the K-edge. These acquisitions can be monochromatic or polychromatic (representing effective
attenuation in an energy range), and since regions without the contrast pharmaceutical have de-
creasing attenuation with increasing energy, subtraction will enhance regions containing the K-edge
materials and remove the background non-contrast regions.
5.2.1 The hidden K-edge effect
The hidden K-edge effect can be defined as a phenomenon where the K-edge of a particular heavy
element cannot be observed at low concentrations, independent of noise. The x-ray attenuation for
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Fig. 5.2: Between Energy 2 and Energy 3 for a K-edge measurement, the ρmin is the concentration where
the two energies have same attenuation. K-edge is invisible below ρmin at those two energies.











where µE is the linear attenuation of the composite material at energy E, and ρ and (µ/ρ) are the
densities and mass attenuation of the constituent materials in the composite respectively. If the
composite contains the K-edge material in solution form (i.e. in water), the K-edge will be observed
at a high enough concentration during K-edge imaging. If the concentration of the K-edge material
is reduced to zero, then the composite contains only water. It is hypothesised that there is a min-
imum concentration ρmin below which the K-edge cannot be observed. This can be measured as
the concentration where the two acquisitions around the K-edge have the same attenuation. This
is illustrated in Fig. 5.2 in the context of a 4-bin multi-energy acquisition. The following section










Hidden K-edge in LAC
The linear attenuation coefficient (as a function of energyE) in a voxel containing a K-edge material





















= µEm ≈ constant for low concentrations of X .
Hidden K-edge in HU
While LAC (cm−1) conforms to the conventional SI system of units, HU is used in standard CT








In spectral terminology, a new concept arises called spectral HU [36] where the energy dependency










It can be shown that there exist two energies a and b with the same HU when the K-edge material









The minimum concentration will be negative when it is derived for non K-edge materials, but this
violates the purpose of K-edge imaging which looks for K-edge materials in the acquired data.
The inference from the concept of hidden K-edge effect and the existence of ρmin is that the K-edge
signal should be visible when the contribution from other materials in the composite is accounted
for. This is the crux of basis decomposition where individual material contributions are identified
and decoupled. The experimental verification of this phenomenon and basis decomposition is de-
scribed in the following section.
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5.3 Experimental verification using MARS
The hidden K-edge phenomenon is observable in the reconstructed MARS data. In this section, the
recovery of the hidden K-edge signal using basis decomposition will be demonstrated.
5.3.1 Methods
Contrast pharmaceuticals OmniscanTM and VisipaqueTM with K-edge materials gadolinium and io-
dine respectively were contained in a phantom for MARS scan. This phantom (henceforth referred
to as Gd-I phantom) is made up of polymethylmethacrylate (PMMA) cylinder with four capillaries
in the middle, and eight around the outer edge. The contrast pharmaceuticals at different con-
centrations were filled in PCR tubes (Eppendorf, Sigma-Aldrich, MO) and were inserted into the
capillaries. The concentrations included 10, 15, 50 and 100 mg/ml of I, and 10, 15, 40 and 60
mg/ml of Gd. Water and vegetable oil were included as soft-tissue surrogates. The phantom layout
is shown in Fig. 5.3.
Fig. 5.3: Gd-I phantom layout. Water and vegetable oil are used as soft-tissue surrogates.
The MARS scan settings are shown in table 5.1. The acquired scan data was subjected to the
conventional MARS preprocessing that included dark-field correction, flatfield normalisation and
ring filtration. Subtracted bin data was reconstructed using MARS-ART. The linear attenuation
for each material concentration was approximated by taking the median in representative ROIs.
To decouple the K-edge material signal from the water signal to demonstrate that the hidden K-
edge can be recovered, the mass attenuation coefficients for each contrast were calculated using a
system of equations as shown in Eq. 5.2.
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Table 5.1: Scan settings for the Gd-I phantom experiment
Detector CdTe-Medipix3RX
Pixel pitch 110 µm
Source voltage 120 kVp
Filtration 1.8 mm Al equivalent
Source to object distance 160 mm
Object to detector distance 100 mm
Energy thresholds 20, 27, 38, and 54 keV
5.3.2 Results
Subtracted energy bins reconstructed from the MARS scan of the Gd-I phantom is shown in Fig.
5.4. At higher concentrations, for instance 100 mg(I)/ml, the K-edge discontinuity could be ob-
served. This is when the attenuation increases in a succeeding bin. This is plotted in Fig. 5.5. At
lower concentrations, the K-edge discontinuity of I and Gd contrast agents were not visible in the
corresponding bins. It can be inferred that there is a tendency for a material to appear water-like
at very low concentrations. The ρmin for these materials is shown in Fig. 5.6, which is a replot of
Fig. 5.5 as a function of concentrations. For iodine, two minimum concentrations were observed:
11.7 mg/ml between 20-27 and 27-38 keV and the other at 38.6 mg/ml between 20-27 and 38-54
keV. For gadolinium, ρmin was observed at 21.3 mg/ml between 38-54 and 54-120 keV energy bins.
The mass attenuation values for iodine and gadolinium were calculated using the concentrations
below the identified ρmin to demonstrate the recovery of K-edge signal below ρmin. The concentra-
tions used were 10 mg/ml for iodine and 15 mg/ml for gadolinium. It was observed that the K-edge
can be recovered by decoupling the water signal from these concentrations. This is shown in Fig.
5.7.
5.4 Discussion and conclusions
A concept of hidden K-edge and the existence of a minimum concentration below which the K-edge
of a material becomes invisible were presented and experimentally verified. This phenomenon is
caused due to the presence of other materials that obscure the K-edge visibility of a contrast media
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Fig. 5.4: Reconstructed subtracted bin images of the Gd-I phantom. Circled capillaries contain gadolin-
ium (green) and iodine (magenta) solutions. Refer Fig. 5.3 for concentrations. Phantom diameter (PMMA









































































B - Iodine LAC
Fig. 5.5: Linear attenuation plots for gadolinium and iodine concentrations. It can be observed that for both
these materials, the K-edge effect is visible at high concentrations (in the bin-4 for Gd and bin-2 for I), and the
K-edge discontinuity is less pronounced at low concentrations. The energy bin index corresponds to 20-27,








































































Fig. 5.6: Linear attenuation plotted as a function of concentration. A- The minimum concentration ρmin
(green box) for gadolinium was observed at 21.3 mg/ml between 38-54 and 54-120 keV energy bins. B- Two
ρmin can be observed for iodine: 11.7 mg/ml between 20-27 and 27-38 keV and the other at 38.6 mg/ml






























Fig. 5.7: Mass attenuation values for iodine and gadolinium estimated by decoupling the water signal from
the concentrations.
during K-edge imaging. This effect can be observed in tomographic reconstructions, and in projec-
tion images. K-edge materials can be recovered at concentrations lower than ρmin in reconstructed
CT images (dual-energy and multi-energy). Other forms of x-ray imaging such as fluoroscopy that
display radiographic projections suffer from hidden K-edge effect due to the fact that x-ray beam
passes through a higher ratio of tissue-to-contrast along the path length, i.e. the measured compos-
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ite signal has a very small contribution from the K-edge candidate material compared to the other
materials in the beam path.
The equations described in this chapter is based on the monochromatic x-ray beams used for K-edge
imaging. However, it was experimentally verified that the mathematical expressions representing
hidden K-edge effect and ρmin can be extended to measurements using polychromatic spectrum,
such as the MARS acquisitions. It was demonstrated that basis decomposition can recover the K-
edge signal below the observed ρmin. However, the K-edge hiding effect does not offer insights into
the minimum detectable concentration of K-edge materials, which is dependent on system noise.
In conclusion, the concept of K-edge hiding was experimentally verified using MARS. K-edge mate-
rials such as iodine and gadolinium are commonly used in contrast media. The use of such contrast
agents for orthopaedic applications is presented in chapter 6. Besides orthopaedic applications
such as quantitative cartilage imaging, other applications of spectral imaging such as tumour imag-
ing involves K-edge materials such as gold, hafnium, and gadolinium in the form of nanoparticles
where the methods described in this chapter can be applied. It was demonstrated that basis de-
composition methods are able to exploit the composite nature of measured signals and decouple
contributions from the individual components of the signal, which is not possible using simple digi-
tal subtraction.
5.5 Dissemination of this research
K-edge hiding effect as a physical process during contrast-imaging is accounted for in the MARS-
MD software and mass attenuation bases are used which decouples the high-Z material signal from
water signal. Results of MARS-MD using mass attenuation bases for quantitative cartilage imaging
are presented in chapter 6.
5.5.1 Publication
Christopher J. Bateman, Kishore Rajendran, Niels J. A. de Ruiter, Anthony P. H. Butler, Philip H.
Butler, and Peter F. Renaud, The Hidden K-edge effect in K-edge imaging, in preparation.
The preprint for this manuscript can be accessed from arXiv at http://arxiv.org/abs/1506.04223
Christopher Bateman (University of Otago, New Zealand) developed the theory behind the K-edge
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hiding effect and is the author of MARS-MD. My contribution to this research was the experimental
verification of K-edge hiding at low concentrations which involved data collection, reconstruction
and analysis. Niels de Ruiter (University of Otago, New Zealand) developed the MARS-ART software
which was used to reconstruct the multi-energy data presented in this chapter.
5.6 Summary
• K-edge hiding effect below a minimum concentration ρmin for linear attenuation coefficients
and Hounsfield units was described.
• ρmin for iodine and gadolinium based contrast pharmaceuticals was identified using MARS
multi-energy acquisition.
• By decoupling contributions from individual components of the measured composite signal





In this chapter, quantitative cartilage imaging using MARS is presented. The objective of this
study is to evaluate the deterioration of cartilage health that occurs during osteoarthritis due to the
depletion of glycosaminoglycans (GAG) in the extracellular matrix of articular cartilage. By using
MARS multi-energy CT, it is shown that an iodine-based ionic contrast agent as an inverse marker
of GAG can be imaged and quantified. This is demonstrated for normal bovine articular cartilage,
and excised osteoarthritic human articular cartilage.
The research question addressed in this chapter is whether multi-energy CT can help distinguish
subchondral bone from articular cartilage containing high-Z contrast media, and quantify the con-
trast distribution through the thickness of cartilage as a measure of GAG. Traditional µCT has been
able to indirectly characterise cartilage containing contrast agents, by using HU segmentation,
but cannot directly measure the contrast density. Multi-energy CT has the potential to generate
a scoring system for osteoarthritis by quantifying different markers such as subchondral bone and
articular cartilage that undergo physical and biochemical changes during osteoarthritis. This aligns
with one of the long term goal of the MARS project, where novel contrast agents for marking GAG
can be quantified in a preclinical setup, and extended to a clinical setup to enable early detection of
cartilage damage. Monitoring the efficacy of treatments could be made possible using multi-energy
CT imaging methods.
6.1 Introduction
Osteoarthritis is a degenerative disease affecting the articular cartilage. The extracellular matrix
(ECM) in the cartilage undergoes biochemical changes due to cartilage diseases. Measuring these
changes would enable the early detection of osteoarthritis [72–74]. GAG is a negatively-charged
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protein present in the ECM that undergoes depletion during osteoarthritis. GAG content is a sensi-
tive marker of cartilage degradation [75]. By default, GAG is distributed zonally across the cartilage
depth, with superficial layer (the articulating surface) containing less GAG compared to the deep
layer (closest to bone). During osteoarthritis, the GAG level in the superficial layer further de-
creases. By quantifying the GAG level in the different zones of cartilage, it is possible to measure
cartilage health, and onset of osteoarthritis.
Magnetic resonance imaging (MRI) methods such as delayed gadolinium enhanced magnetic reso-
nance imaging of cartilage (dGEMRIC) and T1ρ́ enable cartilage imaging in the human scale. Taylor
et al. [76] demonstrated the diffusion of negatively-charged Gd-DPTA into articular cartilage and
compared dGEMRIC, T1ρ́ and T2 imaging of cartilage. Negatively-charged contrast agents (an-
ionic) repel GAG, and regions of low GAG can be mapped to high contrast density. One of the major
limitations of MR methods is the spatial resolution. Thin sections of cartilage cannot be zonally
characterised using MRI due to its low spatial resolution. Also, they involve lengthy scan times.
Zbyn et al. [77] demonstrated the use of sodium MR imaging of articular cartilage. However, this
method requires imaging at 7 Tesla and is still being used as a research tool. Palmer et al. [74],
Xie et al. [78] and Silvast et al. [79] have demonstrated the use of ionic iodine contrast agent for
µCT imaging of cartilage. The principle of equilibrium partitioning is exploited wherein contrast
agent is allowed to diffuse into the cartilage until the ionic uptake of contrast agent reaches satu-
ration/equilibrium. This is termed as equilibrium partitioned imaging of cartilage (EPIC). CT/µCT
studies are not able to directly quantify the contrast density in cartilage as a marker of GAG, but
use HU differences between subchondral bone and iodine in cartilage to segment the two materials.
In order to be able to distinguish cartilage from subchondral bone using HU-based segmentation,
relatively low concentrations of contrast agent needs to be used [74].
In this chapter, the introduction of photon-counting detectors for quantification of articular carti-
lage using multi-energy CT is presented. This method is intended to overcome some of the major
limitations of traditional CT in quantifying ionic contrast agents in cartilage, and spatial resolution
limitations of MRI methods. Firstly multi-energy CT can facilitate discrimination of materials such
as bone and contrast agent at high spatial resolution (80 to 100 µm scale). Secondly, contrast den-
sity quantification as a marker of GAG levels can be used to grade the severity of osteoarthritis. The
study is divided into a phantom experiment, imaging of normal bovine cartilage, and imaging of ex-
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cised osteoarthritic cartilage samples from human subjects. The results from MARS are compared
with histological sections of osteoarthritic cartilage.
6.2 Materials and methods
There were several samples scanned as part of this study. These include multicontrast phantoms, 10
bovine cartilage-bone plugs (10 mm diameter), two tibial plateaus (divided into lateral and medial
strips) and tissue-engineered cartilage pellets. Due to space contraints, one contrast phantom, a
bovine plug and two tibial plateaus are presented in this chapter.
6.2.1 Sample preparation
Phantom experiment
A multicontrast phantom experiment was initially carried out to identify the minimum detectable
limits of iodine and calcium densities. Two concentrations of iodine (10 and 25 mg/ml of I in LiI2
solution), and two concentrations of calcium (10 and 50 mg/ml of Ca in CaCl2 solution) were used
in this phantom study. This phantom will be henceforth referred to as Ca-I phantom, and concentra-
tions will be referred in subscripts, for example Ca10 corresponds to 10 mg/ml of Ca. The phantom
is a PMMA cylinder (of diameter 25 mm) with capillaries that are 6 mm in diameter and 20 mm
deep. The material concentrations are filled in PCR tubes (Eppendorf, Sigma-Aldrich, MO) and in-
serted into the phantom capillaries. The PCR tubes were roughly 6 mm in diameter and 0.2 ml in
volume.
Bovine plug
Bovine plugs were harvested from right and left stifle joints of freshly slaughtered bovine (stifle
joints from the hind leg of cows). The plugs (circular biopsies) were extracted using a drill press
with core drill attachment. The cylindrical cores were approximately 8 mm in diameter and 5 to 10
mm in length. During the extraction process, the samples were irrigated with phosphate buffered
saline (PBS). The plugs were stored in PBS until incubation. The bovine plug was incubated in 50%
ioxaglate contrast agent (Hexabrix 320, Guebert, Aulnaysous-Bois, France) and 50% PBS for 24
hours at 37◦C. The bovine plug was placed inside a Falcon tube (15ml, 17 × 120 mm) during the
scan. A separate phantom scan with calcium concentrations (15, 500, 600 and 700 mg/ml of Ca in
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CaCl2) and iodine concentrations (128, 96, 64 and 32 mg/ml of I in Hexabrix) was also performed
for obtaining material bases for MARS-MD.
Excised tibial plateaus
Two samples of human tibial plateaus were scanned, one at 80 kVp and the other at 120 kVp. The
excised tibial plateaus were obtained with informed consent from patients undergoing total knee
arthroplasty. The first set of tibial plateau samples (medial and lateral) were fixed in 10% buffered
formalin for 14 days. Each strip measured approximately 25 x 25 x 50 mm in size. Similar to the
bovine plug, these samples were incubated in ioxaglate contrast agent (Hexabrix 320, Guebert,
Aulnaysous-Bois, France). The sample was placed inside a Falcon tube (50ml, 30× 115 mm) during
scan, with PBS infused cotton wool at the extremities of the tube to maintain a humid environment.
Calcium concentrations (15, 500, 600 and 700 mg/ml of Ca in CaCl2), and iodine concentrations
(128, 96, 64 and 32 mg/ml of I in Hexabrix) were fastened to the outside of the Falcon tube. These
concentrations were used for basis decomposition using MARS-MD.
The second pair of human tibial plateau samples involved similar sample preparation, except the
scan which was performed using 120 kVp x-ray tube voltage. Also, these tibial plateau strips were
scanned fresh, and were not fixed in formalin. The photograph of this tibial plateau is shown in Fig.
6.1.
6.2.2 MARS imaging
Different scan settings were used for the experiments due to variations in sample size and scanner
versions. The scan parameters are tabulated in Table. 6.1. The acquired scan data were subjected
to the conventional MARS preprocessing that included dark-field correction, flatfield normalisation
and ring filtration. Unsubtracted multi-energy CT images were reconstructed using MARS-ART and
MARS-MD was used for basis material decomposition. Denoising was not applied to these datasets
since FSID (chapter 3) was under development/testing at the time of these experiments.
6.2.3 Histology
For histology, the samples were incubated in PBS after the MARS scans for 36 hours to remove
iodine contrast via diffusion. The samples were then further divided into smaller blocks and decal-
cified using ethylenediaminetetraacetic acid (EDTA), pH 7 for five weeks. After the samples were
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Fig. 6.1: Photograph of tibial plateau sectioned into medial and lateral strips. The medial strip shows severe
osteoarthritis with cartilage thinning and erosion exposing the subchondral bone.
Courtesy: Timen ten Harkel, CReaTE group, University of Otago.
Table 6.1: MARS scan parameters for quantitative cartilage imaging
Spectral CaI phantom Bovine plug Tibial plateau-1 Tibial plateau-2
Detector CdTe-Medipix3RX
Pixel size 110 µm
Tube voltage (kVp) 80 80 80 120
Tube current (µA) 40 35 60 30
Exposure time (ms) 60 130 90 130
Source to object (mm) 166.2 160 166.2 160
Object to detector (mm) 85.4 100 85.4 100
Energy thresholds (keV) 20, 28, 37, 47 20, 28, 35, 40 20, 28, 35, 40 18, 27, 33, 49
Intrinsic filtration (mm) 1.8-Al 0.5-Al 1.8-Al 0.5-Al
decalcified, they were rinsed in PBS and dehydrated using ethanol. They were then embedded in
paraffin wax and sectioned into 5 µm slices and stained with 0.1% w/v Safranin-O (Sigma-Aldrich,
St. Louis, Mo, USA), 0.001% Fast Green FCF solution (Sigma-Aldrich, St. Louis, Mo, USA) and
Gill’s haematoxlin - No.2 (Merck KGaA, Darmstadt, Germany) as described by Schon et al. [80] and
Schmitz et al. [81].
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6.3 Results
The multi-energy reconstructions from the Ca-I multicontrast phantom scan are shown in Fig. 6.2.
The image noise increased with decreasing energy bin width (fewer photon counts). The results
of MARS-MD for the spectroscopic phantom is shown in Fig. 6.2C. From the results of material
decomposition, it was observed that the lowest concentration of calcium (Ca10) was identified as
water-like. This can be attributed to low CNR between water and Ca10 which is plotted in Fig. 6.2B.
A - Multi-energy reconstructions of Ca-I phantom B - CNR metrics from the Ca-I phantom
C - Multi-energy reconstructions of Ca-I phantom
Fig. 6.2: Results from the Ca-I phantom. A- Multi-energy reconstructions. Clockwise from air (3 o’clock
position), Ca10, I10, Ca50, I25, and water. Window for energy bins in subfigure A : [0.05,0.6] cm
−1. B- CNR
at different concentrations. C- Material images from MARS-MD. Ca and I in mg/ml units, water channel in
volume fraction.
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The reconstructed images from the bovine plug scan and the corresponding material decomposition
results are shown in Fig. 6.3. From the multi-energy CT images, it could be noticed that the
superficial cartilage zone contains more iodine as a result of lower GAG content. Iodine in cartilage,
and calcium in bone were discriminated and quantified using basis material decomposition.
20-80 keV 28-80 keV
30-80 keV 40-80 keV
2.55mm
A - Multi-energy reconstruction from bovine plug scan
B - Calcium-like C - Iodine-like D - Water-like E - Ca-I composite
Fig. 6.3: Reconstructions (A) and material decomposed images (B, C, D, and E) from MARS scan of bovine
plug. Iodine (in cartilage) and calcium (in bone) were discriminated using basis decomposition.
Image window - A : [0.1,0.7]cm−1, B: [0,300] mg(Ca)/ml, C: [0,80] mg(I)/ml, D: [0,1] volume fraction, E: [0,1]
normalised Ca and I densities.
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The multi-energy reconstructions for the tibial plateau (sample-1 lateral) is shown in Fig. 6.4A.
The candidate materials namely water, calcium and iodine were distinguished using basis material
decomposition as shown in Fig. 6.4C. The iodine K-edge discontinuity could be visualised where
multi-energy image intensity (HU) is plotted as a function of cartilage depth in Fig. 6.5B. There is
an increase in HU/image intensity between [28-80] keV and [35-80] keV due to the K-edge disconti-
nuity. This was more pronounced in the superficial layer with higher iodine concentration. It could
be noticed that in the deep layer, the K-edge discontinuity between the two bins is less pronounced.
This can be related to the K-edge hiding effect (chapter 5), where low concentrations of K-edge
materials result in the hiding of K-edges. However, this effect was accounted for during material
decomposition (6.5C) where the K-edge material signal was decoupled from water using basis de-
composition. The HU images are for representative purposes only. The basis decomposition using
MARS-MD was performed in linear attenuation/mass attenuation domain and not HU. The iodine
density map in Fig. 6.5C clearly shows the variations in contrast absorption through the cartilage
depth. This was in agreement with the histological section stained for GAG. There was less GAG in
the superficial layer (marked transparent) while the deep layer showed more GAG content (marked
by red colouration). This was in inverse relationship with iodine, where low iodine concentration
denoted high GAG content and vice versa due to GAG-anionic iodine repulsion.
The reconstructions, material decomposition results and histology for the tibial plateau-2 sample is
shown in Fig. 6.6. The material decomposition results demonstrated that cartilage and subchondral
bone could be distinguished and quantified by exploiting the spectral signatures of the materials at
an x-ray energy up to 120 keV. Histology stained for GAG was in agreement with the MARS density
map for iodine. The regions with high iodine content related to low GAG as shown in Fig. 6.6E and
6.6F.
An overlay of material images from the MARS scan of the lateral segment of tibial plateau-1 can
yield 3D rendered volumes (Fig. 6.7). The 3D volume shows the spatial variations in iodine content
in the cartilage next to the subchondral bone. This allows the spatial assessment of iodine distribu-
tion in the cartilage, and subchondral bone. The extent or severity of osteoarthritis in the different
cartilage zones can be visualised using the 3D iodine distribution.
92
A - Multi-energy reconstructions of tibial plateau-1, lateral strip. Yellow circled capillaries correspond to CaCl2 solu-





B - Multi-energy reconstructions (saggital view)




C - Material decomposed images
Fig. 6.4: Multi-energy reconstructions (A and B) from the tibial plateau (lateral) scan and corresponding
material decomposed images showing calcium vs. iodine discrimination (C). Reference concentrations were
placed around the Falcon tube as shown in subfigure A. Clockwise from top: Ca700, Ca600, Ca500, Ca15, I32,
I64, I96, I128 and water. Scale bar = 4 mm. Image window - Multi-energy CT images:[0.1, 1.2] cm
−1,Ca:[0,





Fig. 6.5: A- ROI selection. The columns between the marked arrows are selected and averaged for the
plot. B- Multi-energy image intensity corresponding to iodine in the selected ROI. The K-edge discontinuity
could be observed between energy bins [28-80] keV and [35-80] keV which is marked by the swapping of E2
and E3 curves in the plot. For a non K-edge material, this intensity would decrease with increasing energy.
The K-edge effect is more pronounced in the superficial layer where iodine concentration is high. C and
D- material map and histology section. The boxed region in the material image roughly corresponds to the





Fig. 6.6: MARS and histology images from tibial plateau-2 scan. A and B are energy bin images at [18-
120] keV for lateral and medial segments of tibial plateau-2 respectively. Window = [0, 1.6] cm−1. C and
D are corresponding material decomposed images with iodine-calcium channels overlapped. The colour
bar represents iodine concentration in mg/ml. E and F are GAG histology for lateral and medial segments
respectively.
Histology image courtesy: Ben Schon, CReaTE, University of Otago, New Zealand.
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Fig. 6.7: 3D rendered volume of lateral tibial plateau-1 sample with simultaneous display of calcium and
iodine material channels. A gradient can be noticed in the cartilage from red in the superficial layer to blue
in the deep layer.
6.4 Discussion
The outcomes of this study involving bovine cartilage and excised human tibial plateaus are as
follows: Subchondral bone, and cartilage with ionic contrast agent can be distinguished and quan-
tified. Iodine as a marker of GAG can reveal the health of the cartilage which is characterised by
changes in ECM. Iodine density maps obtained from MARS showed good agreement with histology
of cartilage stained for GAG. The results indicate that multi-energy CT can be a potential method
for grading cartilage health.
While the principle of equilibrium partitioning in cartilage [74] was used in this study, the novelty
lies in the quantitative nature of contrast molecular imaging. The spatial distribution of iodine was
displayed as a density map (in mg/ml) for variable absorption of the contrast agent in cartilage,
which is not possible with traditional CT methods. Energy specificity of x-ray attenuation enabled
the separation of iodine from calcium regions, partly by taking advantage of the K-edge discontinu-
ity.
Since early changes in ECM occur during osteoarthritis, quantifying these changes can lead to early
diagnosis and treatment planning. MRI and CT have shown promise for detecting changes in carti-
lage health. Multi-energy CT can potentially overcome some of the spatial resolution limitations of
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MRI and non-quantitative nature of CT. While dGEMRIC measures relaxation of hydrogen atoms in
contrast agent under the influence of a magnetic field, multi-energy CT exploits the energy-specific
attenuation signatures of materials. For MRI, the selection of contrast density is emperically de-
termined to ensure paramagnetic effects for imaging. Multi-energy CT is not subjected to such re-
strictions. However, multi-energy CT is not devoid of challenges. Primarily, the minimum detection
limit for contrast density will determine the suitability of multi-energy CT for cartilage imaging.
Though calcium vs. iodine differentiation is achievable using multi-energy CT, residual contrast
agent present in the synovial cavity (during intra-articular contrast injection) may affect cartilage
image segmentation and assessment. Further studies are warranted before multi-energy CT meth-
ods can be translated to human scale. These studies should address the selection of a suitable
contrast agent (eg. iodine or gadolinium), selection of ionic solution (anionic vs. cationic), required
dose of contrast agent (to achieve equilibrium partitioning), mode of contrast administration (in-
travenous or intra-articular) and scoring system to determine cartilage health (to quantify the level
of GAG depletion during cartilage disease). If K-edge imaging is intended, then iodine K-edge (33
keV) is too low to be imaged in human scale because low energy photons are absorbed by the body.
However, K-edge, though distinct, contributes a small component of the signal, and basis decompo-
sition algorithms can exploit the material’s attenuation profile by capturing enough sample points
(using 4 to 8 energy bins). This applies to calcium, strontium and other materials whose K-edge is
not in the imaging range of MARS modality (20 to 120 keV).
Unsubtracted energy bins were used in the experiments described in this chapter. Subtracted
energy bins provide better sampling of spectral profiles of materials, and could lead to improved
material discrimination and quantification. Choice of energy bins to target the candidate materi-
als (bone + contrast media) needs to be optimised (through simulation or phantom experiments).
From a clinical perspective, it is important to identify a correlation between GAG level and contrast
density. i.e. deriving a GAG vs. contrast density relationship and defining a diagnostic range that
determines onset of osteoarthritis. Histology as presented in this chapter, despite being widely
accepted as a gold standard, is a 2D-qualitative method and does not provide volumetric GAG
quantification. Therefore, methods that can provide quantitative comparison of GAG with contrast
density map from MARS should be explored. Gadolinium based contrast agent (gadobenate dimeg-
lumine) used in dGEMRIC is FDA approved for clinical use∗, while the use of other forms of contrast
∗U.S. Food and Drug Adminstration, application number: NDA021357 and NDA021358
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agents (iodine-based or cationic forms) for cartilage imaging are subject to regulatory approval.
As part of an ongoing study led by the CReaTE group (University of Otago, Christchurch, New
Zealand) in collaboration with the MARS group, different samples of bone and cartilage are being
studied. These include studies to determine maximum contrast uptake during equilibrium parti-
tioning in normal bovine cartilage, comparison of MARS with MRI for human osteoarthritis, and
comparison between gadolinium and iodine contrast agents. A direct comparative study between
normal human cartilage (from cadaver or above knee amputation) and osteoarthritic cartilage is
also being considered. Subchondral bone density and micro-architectural changes can also help
characterising osteoarthritis. Extension of multi-energy imaging approach to hip joints or hyaline
cartilage in intervertebral discs could result in site-specific cartilage scoring system, similar to bone
densitometry from DEXA.
6.5 Conclusions
This chapter demonstrated the ability of MARS multi-energy CT to quantify ionic contrast agent
in bovine and human articular cartilage samples. The results were validated against histological
sections stained for GAG. Translation of the described methods to human clinical imaging requires
further investigation. The multi-energy approach to cartilage imaging presented in this chapter is
a proof of principle to generate reproducible quantitative results that can be used to grade carti-
lage health. Spectral CT can provide better spatial resolution for imaging thin cartilage sections
compared to MRI, and provide quantitative density maps of contrast media in cartilage using EPIC
principle.
6.6 Dissemination of this research
The methods and results from this chapter has led to the following journal articles and conference
proceedings.
K. Rajendran, B. C. Löbker, B. Schon, C. J. Bateman, N. J. A. de Ruiter, A. I. Chernoglazov, R. Aamir,
T. B. F. Woodfield, A. P. H. Butler and N. G. A. Anderson, Quantitative cartilage imaging using spec-
tral CT. Submitted to European Radiology, August, 2015.
Benjamin S. Schon, Timen ten Harkel, Kishore Rajendran, Nigel Anderson, Gary J. Hooper and
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Timothy B.F. Woodfield, Quantification of articular cartilage health using MARS spectral computed
tomography, Proceedings of the 21st Annual Conference, Australia and New Zealand Orthopaedic
Research Society, Auckland, October, 2015.
Caroline Löbker, Ben Schon, Kishore Rajendran, Mohsen Ramyar, Christopher Bateman, Anthony
Butler, Raja Aamir, Nigel Anderson, Gary Hooper and Tim Woodfield, Quantitative imaging of GAG
in articular cartilage using spectral CT. In preparation.
Contributions
This work was initiated by CReaTE group (University of Otago, Christchurch, New Zealand) led
by Dr. Tim Woodfield, in collaboration with the MARS group. The tibial plateaus were surgically
removed during total knee arthroplasty performed by Prof. Gary Hooper, St. George’s hospital,
Christchurch, New Zealand. The samples were prepared for scanning and histology by Caroline
Löbker, Timen ten Harkel, and Ben Schon from CReaTE. I was the primary MARS researcher in
this study and was responsible for MARS experimental planning, MARS scans, data processing that
included image reconstruction and material decomposition, and image analysis.
6.7 Summary
• Iodine contrast as an inverse marker of GAG in articular cartilage was distinguished from
subchondral bone and quantified using MARS multi-energy CT.
• The multi-energy CT approach was tested on bovine cartilage and excised human tibial
plateaus.
• 3D iodine map from MARS through the depth of cartilage correlates with cartilage histology
stained for GAG.
• MARS has the potential to overcome the limitations of MRI and traditional CT in grading




REDUCING METAL ARTEFACTS USING MARS
This chapter presents imaging of metal implant samples using MARS for reducing metal artefacts
due to beam hardening. This is done by exploiting the high energy quanta that undergoes less
beam hardening. The objective is to minimise metal artefacts in orthopaedic implants that degrade
the CT image quality. Different metal samples - scaffolds and implants were imaged to study beam
hardening effects in multi-energy data. Commonly used implant materials such as titanium alloy,
stainless steel and cobalt-chromium alloy were scanned.
This research investigates the multi-energy CT approach to visualise bone next to orthopaedic metal
implants. This aligns with the short term goal where additive-manufacturing research involving 3D
printed metal scaffolds could benefit from MARS. In terms of long term goal, the MARS approach to
implant imaging can be used to clinically assess bone healing following joint replacement surgeries.
The research is expected to demonstrate MARS as a potential clinical tool for imaging orthopaedic
and dental implants.
7.1 Introduction
Beam hardening artefacts in CT of metal implants often limit the diagnostic quality. [23]. This is
the case for large orthopaedic implants like a hip prosthesis imaged using clinical CT, and smaller
samples like additively manufactured (3D printed) scaffolds imaged using µCT. The beam harden-
ing artefacts appear as bright and dark streaks (Fig. 7.1), and as cupping effect. The artefacts
primarily affect the image quality in metal and adjacent non-metal regions. This severely impairs
the assessment of complications of metal implants and the tissues in the vicinity of implants. De-
spite introducing MR compatible metal implants, MRI cannot overcome this problem as blooming
artefact from metal severely limits diagnosis [82]. Also, due to the high atomic number and density
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of metal implants, CT imaging suffers from photon starvation or beam exhaustion, where most of
the photons from the primary beam are attenuated by the object. This further deteriorates the SNR.
Fig. 7.1: Metal artefacts in CT imaging. Streak artefacts resulting in bright and dark patterns (marked by
arrows) in this CT image of a hip implant with barium cement (in femur).
Image courtesy: Dr. Nigel Anderson, Department of Radiology, Christchurch Hospital, New Zealand.
In traditional CT imaging, a common approach to minimise beam hardening artefacts is the addi-
tion of a source filter (usually copper, aluminium, tin or a combination of these) and prehardening
the x-ray beam prior to x-ray transmission into the object. The high energy photons have better
penetrability (less attenuated) into high-Z objects and the mean energy shift that occurs during
beam hardening due to removal of low energy photons by the dense object (refer chapter 2, sec-
tion 2.1) is minimised. Numerical corrections have been reported which are typically performed
post-acquisition [83]. Metal artefact reduction (MAR) using dual-energy methods involves the com-
putation of virtual, monochromatic, high-energy images [24,84].
Meyer et al. [85] proposed a normalised metal artefact reduction (NMAR) technique for conven-
tional CT. Here metal regions were segmented in the reconstructed image domain using image
thresholding. This segmented volume was forward projected and metal regions were identified in
the original projection data. Sinogram inpainting was performed where metal regions were re-
placed with interpolated values of surrounding non-metal regions. This is usually the case in most
of the MAR algorithms for CT. A prior-data based on multithreshold segmentation of initial image
102
was used to normalise the original raw data, followed by interpolation and denormalisation. There
are other variants of MAR, such as frequency-split MAR [86] and orthopaedic-MAR [87] all of which
achieve artefact reduction by numerically correcting the acquired data. Yu et al. [84] presented re-
sults from a dual-energy approach to metal artefact reduction. This involved acquiring x-ray data at
two different mean energies, and synthesising a virtual monochromatic image using image-domain
or projection-domain methods. The monochromatic image was generated using basis decomposi-
tion method using the knowledge of material mass attenuation. The resultant image was a virtual
CT image (also known as energy-extrapolated image). There are also proprietary methods that
incorporate monochromatic image generation using dual-energy data in combination with MAR
that correct for missing data due to photon starvation [88]. Since spectral CT is a relatively new
field of research, there are very few reports on beam hardening and metal artefact reduction in
photon-counting detectors. Matsumoto et al. [89] reported analysis of imaging errors due to beam
hardening using a CdTe detector in photon-counting mode. Optimal energy bands were investigated
for different high-Z materials where the influence of artifacts was less pronounced. Nasirudin et
al. [90] reported the use of metal artefact reduction in photon-counting CT using a spectral-driven
iterative reconstruction. A pseudo-monochromatic image (similar to the ones used in dual-energy
extrapolation) is used in the reconstruction iteratively to reduce metal artefacts. While their results
were promising, it was a simulation study with major limitations; firstly, 62 energy bins were sim-
ulated at 2 keV bin width each. In practice, no photon-counting detector currently exist with more
than 8 energy bins [59]. Secondly, a 2 keV bin width using a polychromatic spectrum will lead to
very poor bin-wise SNR (noise in narrow bin was demonstrated in chapter 3).
Most of the reported dual-energy and photon-counting based MAR primarily aim at obtaining or
computing high-energy image. The motivation for the study described in this chapter comes from
the energy binning feature of photon-counting detectors that offer direct ways to measure high
energy quanta. Instead of computing virtual high energy images, narrow energy bins selected at
high energies directly measure high energy quanta and can help reduce metal artefacts. Photon-
counting detectors are designed to operate at low flux, and narrow high energy bins inherently
have low photon counts due to the polychromatic spectrum shape. However, the presence of metal
objects further reduces the counts and consequently the SNR. To address this problem, Frequency
split image denoising (FSID) was designed to reduce image noise in narrow bins while preserving
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the bin-wise beam hardening properties. This chapter presents results from high energy acquisition
from MARS photon-counting CT of metal implant samples. Noise reduction in high energy images
using FSID is reported.
7.2 Materials and methods
Clinically relevant metal samples were imaged using MARS multi-energy CT to investigate beam
hardening effects. The samples include a titanium screw, a femoral component from a hip prosthe-
sis, a stent-like mesh, and phantoms made from relevant biomaterials. Only small samples could
be imaged since MARS is a small-animal imaging modality. The samples used in this chapter are
described in Table 7.1. The photographs of some samples used in this study are shown in Fig. 7.2. A
commercial µCT (Bruker Skyscan 1272, Bruker, Belgium) was used to compare results from MARS
and traditional µCT.
A - Ti scaffold B - Ti mesh C - Ti screw D - CoCr femoral head in
PMMA
Fig. 7.2: Photographs of metal samples used in this study. Refer table 7.1 for dimensions.
7.2.1 MARS imaging
The MARS scan parameters for the samples are provided in Table 7.2. The scan data were processed
using the standard MARS routine. This included dark-field correction, flatfield normalisation and
ring filtration. Multi-energy CT images were reconstructed using MARS-ART. Denoising was applied
to the Ti-screw and Ti-phantom datasets to reduce noise in the high energy bins besides inherent
artefact reduction offered by the high energy quanta.
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Table 7.1: Sample description for metal samples
Sample Material Description
Ti-phantom Ti6Al4V alloy Cylindrical phantom of 19 mm diameter. This material is commonly
used in fixation devices and joint replacement prosthesis.
Ti-scaffold Ti6Al4V alloy Porous 3D lattice structure fabricated via electron beam melting with
≈700 µm thick struts. Used in tissue engineering research.
Ti-mesh Ti6Al4V alloy Porous 3D structure fabricated via selective laser sintering with vari-
able strut thickness between 620 µm and 670 µm. Sample length is
45 mm and has a stent-like pattern.
Ti-screw Ti6Al4V alloy Screw of length 26 mm and maximum diameter 6.5 mm implanted into
bovine shin bone. Screws of this type are used to secure the acetabular
component in total hip joint replacements.
Femoral head CoCr alloy (ASTM F75) Spherical metal component (diameter ≈ 22 mm) with a PMMA neck
(serves as a sample mount and as a low contrast medium next to the
metal region). This is a femoral head component used in total hip joint
replacement
Table 7.2: MARS scan parameters for metal implant imaging
Ti-phantom Ti-scaffold Ti-mesh Ti-screw Femoral head
Detector CdTe-Medipix3RX
Pixel size 110 µm
Tube voltage (kVp) 120 80 80 120 120
Tube current (µA) 55 50 50 50 50
Exposure time (ms) 70 80 60 150 120
Source to object (mm) 166.2 166.2 130 160 166.2
Object to detector (mm) 85.2 85.2 85.2 100 85.2
Energy thresholds (keV) 20, 40, 60, 80 15, 35, 50, 60 15, 30, 40, 50 20, 30, 50, 70 50, 60, 70, 80
Intrinsic filtration (mm) 0.5-Al equivalent
To quantify the artefacts, two metrics were used. For the cupping effect, the percentage cupping ef-
fect in metal phantom was used. This simply relates to the differences in attenuation units between
the object’s periphery and the centre. With cupping artefacts, the central part of the metal region
will have lower attenuation values compared to the edges. For streak artefacts, CNR was used
between metal and non-metal regions. In cases of streak artefacts, bright patterns in the non-metal
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region can be related to the CNR. For the CoCr sample, CNR was measured between the metal and
PMMA regions, while the CNR for scaffold and mesh were measured between air and metal.
7.3 Results and discussion
The multi-energy reconstructions and the central line profile from the MARS scan of Ti phantom is
shown in Fig. 7.3. A decrease in cupping effect was noticed in the high energy bin, while the low
unsubtracted bin had the highest cupping effect due to contributions from the low energy quanta.
This was confirmed from the line profiles obtained from the CT images. Line profiles from high
energy ranges showed flat profiles confirming material homogeneity while cupping was noticed in
the low energy ranges. The attenuation at the edge of the phantom was higher than the centre and
this effect was most pronounced in the [20-120] keV energy bin.
The multi-energy reconstructions for Ti-scaffold and Ti-mesh are shown in Fig. 7.4. Streak artefacts
were more pronounced in the lowest energy bin due to beam hardening. The CNR between metal
and non-metal regions improved at high energy bins. Average linear attenuation values from a
representative ROI corresponding to air from the Ti-scaffold sample (Fig. 7.4A) were 0.905, 0.447,
0.191 and 0.134 cm−1 in the four energy bins respectively. Without artefacts, air should have at-
tenuation value close to 0 cm−1. Due to the bright streaks affecting the non-metal (air) region, the
overall attenuation (image intensity) increased in those regions. Even though the metal appears
brightest in the lower energy bin (Fig. 7.4B), the CNR between metal and non-metal regions im-
proved at higher energy bins. The air region within the Ti mesh region showed a gray level variance
of 0.04, 0.008, 0.006, and 0.008 cm−2 in the four energy bins respectively. This confirms the re-
duction in artefacts with increasing energy thresholds, while no overall improvement in CNR was
observed.
The multi-energy reconstructions for the Ti-screw sample are shown in Fig. 7.5. The screw drilled
into bovine shin bone caused streak artefacts. Streak artefacts also arose from the edges of the bone
which is prominent in the low energy bins. The coronal view revealed that despite the bone-metal
contrast difference is high (2.44 cm−1) in the [20-120] keV bin, the attenuation along the length
of the screw was inhomogeneous i.e. the metal region had different attenuation values depending
on the material in the vicinity. This effect was less pronounced in the high energy bin at [80-120]
keV but with a trade-off in metal-bone contrast difference which was reduced to 1.56 cm−1. This is
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Fig. 7.3: A- Multi-energy reconstructions from Ti-phantom scan shows varying levels of cupping effect. Scale
bar = 2.92 mm, colour bar represents linear attenuation coefficients (cm−1). i, ii, iii, iv- Horizontal line pro-
files drawn from the central region of the phantom shows decreasing cupping effect with increasing energy.
Cupping effect (%) for the four energy bins is 32.1%, 25.5%, 9.7% and 5.9% respectively. Refer Appendix A
for reconstructions of subtracted energy bins and comparison of low energy images with unsubtracted wide
energy images.
expected from non K-edge materials∗ whose attenuation decreases with increasing energy.
The CoCr sample reconstruction is shown in Fig. 7.6. The contrast difference between PMMA
∗non K-edge materials here refer to materials whose K-edge is not in the diagnostic imaging range of 20 to 140 keV.
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15-80 keV 35-80 keV 50-80 keV 60-80 keV
A - Ti-scaffold
15-80 keV 35-80 keV 50-80 keV 60-80 keV
B - Ti-mesh
Fig. 7.4: A- Multi-energy reconstructions from the MARS scan of Ti-scaffold sample. CNR between metal and
non-metal (air) is 4.8, 5.4, 7.9 and 8.1 for the four energy bins respectively. Window = [0.05,2.3] cm−1, scale
bar = 4.74 mm. B- Multi-energy reconstruction from the MARS scan of Ti-mesh sample. CNR between metal
and non-metal (air) is 2.92, 2.71, 2.74 and 2.77 for the four energy bins respectively. Window = [0.05, 2.3]
cm−1, scale bar = 3.7 mm.
and metal regions improved with increasing energy threshold. The artefacts in the low energy bin
affect the neighbouring PMMA regions causing poor contrast differentiation. The lowest energy
bin, despite having the energy threshold set to 50 keV (which is higher compared to the previous Ti
sample scans), had severe beam hardening artefacts. This can be attributed to the higher atomic
numbers of Co (Z=27) and Cr (Z=24), compared to that of Ti (Z=22).
Even though artefacts were minimised in all these samples by using the high energy acquisitions,
the narrow energy range inherently suffer from low photon counts. For instance, an open beam
frame from the [20-120] keV bin from the Ti-screw scan had 2470 counts, whereas the [70-120] keV
bin recorded only 355 counts. This equates to a count rate of approximately 16 counts/ms and 2
counts/ms in the [20-120] keV and [70-120] keV bins respectively. A highly attenuating object such
as a metal screw in the field of view further decreases the count rate. Also, the low energy bins
are rendered less useful due to the artefacts which leads to unutilised x-ray dose. One approach to
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20-120 keV 30-120 keV 50-120 keV 70-120 keV
A - Ti-screw in bone (transverse)
0 2 4
B - Ti screw in bone (coronal) with jet colour map
Fig. 7.5: Multi-energy reconstructions of the Ti-screw in bovine shin bone. Streak artefacts originated from
the metal, and from the edges of the bone. Better homogeneity in metal region was noticed in the [70-80] keV
bin as shown in sugfigure B. Window - A: [0,1.5] cm−1, B: [0,4.5]cm−1, scale bar = 7 mm. Refer Appendix A
for reconstructions of subtracted energy bins and comparison of low energy images with unsubtracted wide
energy images.
50-120 keV 60-120 keV 70-120 keV 80-120 keV
Fig. 7.6: Multi-energy reconstructions of the CoCr in PMMA. Metal vs. non-metal differentiation improved
with increasing energy threshold. CNR between metal and PMMA in the four energy bins is 16.9, 17.6, 18.7,
and 19.4 respectively. Window [0, 4]cm−1, scale bar = 4.35 mm.
overcome this problem is to use information from the low energy images to minimise noise in the
narrow high energy images. In dual-energy CT, a combination of the two x-ray acquisitions is used
to fully utilise the radiation dose and optimise the image quality [91]. FSID explained in chapter 3
can be used in a similar fashion, where the low energy image(s) are utilised to denoise narrow high
energy images. The result is a narrow high energy image [70-120] keV with less beam hardening
artefacts and SNR similar to that of a [20-120] keV image. FSID applied to the high energy images
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from Ti-phantom and Ti-screw samples are shown in Fig. 7.7.
The attenuation values in the bone and metal regions remained largely unaltered after FSID, demon-
strating signal preservation. ROI analysis revealed metal LAC to be 2.003 and 2.010 cm−1, and bone
LAC to be 0.454 and 0.453 cm−1 before and after FSID respectively. However, there was a 67.3%
noise reduction in the non-metal regions and 62.2% noise reduction in the metal regions due to
FSID. It should be also noted that despite using the [20-120] keV as a reference for FSID in the
Ti-screw sample, the beam hardening artefacts from that energy bin did not migrate to the high en-
ergy denoised image. This is mainly due to the frequency-split step involved in FSID that processes
only the high frequency component of the image.
The results of µCT reconstructions of CoCr sample in PMMA and Ti-screw in bone are shown in
Fig. 7.8. The scans involved a 0.11 mm Cu filter to preharden the x-ray beam. The beam hardening
correction feature available in the reconstruction software was used to test reduction in artefacts.
The spatial resolution from µCT was much higher than that of MARS, however the beam hardening
artefacts were still prominent in both the CoCr and Ti-screw reconstructions. The available beam
hardening correction reduced the metal artefacts to some extent but resulted in noisy images. This
was a subjective test and a direct comparison with MARS could not be established due to the fol-
lowing reasons: Analytic reconstruction such as filtered back projection used in the µCT are known
to amplify metal artefacts compared to iterative reconstruction methods [92]. The pixel size in µCT
is smaller than that of MARS, hence inherently records lesser counts. To avoid poor SNR, long
exposure scans were required. (19s exposure time for CoCr sample per µCT projection compared
to 120 ms exposure per MARS multi-energy projection). The detection system in µCT is relatively
passive, i.e scintillation method where x-rays are first converted to visible light before recorded
by a charge-coupled device (CCD). Therefore the conversion efficiency and detection efficiency are
different compared to the CdTe detection efficiency used in the MARS experiments. This subjective
test between MARS vs. µCT was simply to compare a CT image obtained using energy-integrating
detector with that of MARS using photon-counting detector.
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Fig. 7.7: A- FSID applied to the high energy image at [70-120] keV from Ti-screw scan. A noise reduction of
67.3% (non-metal) and 62.2% (metal) was achieved after applying FSID. B- FSID applied to the high energy
image at [80-120]keV from Ti-phantom scan. A 77.4% noise reduction between non-FSID and FSID images
was achieved. C- Central line profile from the high energy image showing reduced noise after denoising




Fig. 7.8: µCT reconstructions of A- CoCr femoral head (with PMMA) and B- Ti-screw in bovine shin bone.
The high resolution CT images obtained from an energy-integrating detector show similar artefacts as low
energy MARS images. The arrows show the regions affected by artefacts. The beam hardening correction
reduced the metal artefacts but resulted in increased background image noise: 79% increase in CoCr sample
and 34% increase in the Ti-screw sample. Reconstructed voxel sizes for CoCr and Ti-screw in bone samples
are approximately 16 µm3 and 20 µm3 respectively. The CoCr sample was imaged at 100 kVp, 100 µA and
19500 ms exposures and the Ti-screw sample was scanned at 100 kVp, 100 µA and 3000 ms.
Note: It is advised to view this figure in digital copy for better visibility.
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Photon-counting detectors are designed to operate at low x-ray flux. This can result in reduced
radiation dose during medical imaging [16]. However, the presence of metal objects in the FOV
results in very low counts and consequently, increased statistical noise. In traditional CT, it is a
common practice to increase x-ray flux to improve SNR as was done for the µCT scans in Fig. 7.8.
This is done by increasing the x-ray tube current, or x-ray exposure time or a combination of both.
However in photon-counting CT, increasing the x-ray flux results in undersirable effects. Firstly,
each bin is associated with a digital counter with a fixed limit (a maximum of 4095 counts per pixel
in Medipix3RX). Over-exposing the detector to x-rays will result in pixel saturation, where there
are more than 4095 counts per pixel per exposure. Secondly, when there is a metal object in the
FOV, the high energy bins, which have inherently low counts due to the shape of the polychromatic
spectrum will record much fewer counts. If the x-ray flux is increased in an attempt to increase
the counts in high energy bins, the low energy bins will be over-exposed resulting in saturation.
Another undesirable consequence of increasing the tube current is the pulse pileup effect [59].
Here two photon events will be simultaneously recorded as one event. This distorts the spectral
resolution of the system. In an attempt to increase photon counts in the higher energy bins, the x-
ray tube current was increased to 90 µA and exposure time set to 40 ms, and the Ti-scaffold sample
was scanned using CdTe Medipix3RX. The results are shown in Fig. 7.9. The last energy bin at [62-
80] keV showed increased attenuation in the metal regions. Ti whose K-edge is not present in the
imaging range of 15 to 80 keV, should exhibit progressively decreasing attenuation with increasing
energy threshold. However due to pileup effect, cases of two low energy events recorded as a single
high energy event distorted the spectral measurements.
15-80 keV 35-80 keV 55-80 keV 62-80 keV
Fig. 7.9: Pulse pileup effect affecting the multi-energy images. The energy bin at [62-80] keV shows higher
attenuation in metal region. During pileup, two low energy photon events are recorded as a single high
energy event causing spectral distortions.
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Visual assessment of artefact reduction was enabled using volumetric rendering of the Ti-mesh and
Ti-screw samples (Fig. 7.10). False colours were assigned to air, metal and bone in the recon-
structed volumes. For the Ti-mesh sample, streak artefacts from the metal affected the air region
(blue) in the 3D volume at [15-80] keV while the streaks were reduced in the [50-80] keV volume
resulting in a homogeneous representation of non-metal region. The Ti-screw volume showed that
the bone regions next to metal can be visualised without any interference from streak artefacts.
A - Volume rendered using [15-80] keV bin B - Volume rendered using [50-80] keV bin
C - Volume rendered using [70-120] keV bin
Fig. 7.10: 3D visualisation of the Ti-mesh and Ti-screw samples. A shows streak patterns in the air region
(blue colour) B shows reduced streaks and homogeneity in air region. C Left - Full volume of Ti-screw in
cortical shin bone. Right - Sectional view of the sample showing bone-metal interface (marked with arrow)
without any visual interference from artefacts.
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7.4 Conclusions and future work
Multi-energy CT offers the potential to reduce metal artefacts through high-energy acquisitions.
Reduced artefact can lead to better visualisation of bone-metal interface that are encountered in
orthopaedic and dental implant imaging. It is also possible to combine energy bins to derive a
composite energy-weighted image with emphasis on regions of interest based on contrast met-
rics [93, 94]. Energy extrapolation performed in dual-energy methods can be extended to multi-
energy data. Multi-energy data results in more data points (4 to 8 measurements) that can reduce
extrapolation errors. The methods described in this chapter related to CT visualisation of metal
implants. The full potential of spectral CT in decomposing and quantifying material information
was not exploited in this study. In order to use material decomposition such as MARS-MD, it is
necessary to reduce artefacts in all the acquired energy bins, not just the high energy bins. This
problem can be overcome by developing a material reconstruction technique that can account for
energy-dependent beam hardening effects in the reconstruction model. This means the x-ray mea-
surements are directly reconstructed as material volumes instead of multi-energy CT images. This
is an ongoing investigation in the MARS project. This material reconstruction technique will ac-
count for scatter, charge sharing and statistical noise.
7.5 Dissemination of this research
The materials and methods presented in this chapter has resulted in the following publications.
K. Rajendran, M. F. Walsh, N. J. A. de Ruiter, A. Chernoglazov, R. K. Panta et al. Reducing beam
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field, and N. G. Anderson, Experimental studies on beam hardening effects in photon-counting CT.
In preparation. (Journal article)
Mike F. Walsh, Raja Aamir, Raj K. Panta, Kishore Rajendran, Nigel G. Anderson, Anthony P. H.
Butler, and Phil H. Butler, Spectral molecular CT with photon-counting detectors, In Solid-state
radiation detectors: Technology and applications. Editors: Salah Awadalla and Krzysztof Iniewski,
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CRC Press, 2015, Ch. 9, pp 195 - 219 (Book chapter)
Kishore Rajendran, Seamus Tredinnick, Niels de Ruiter, Alex Chernoglazov, Tim Woodfield, An-
thony Butler and Nigel Anderson, Metal artefact reduction in orthopaedic implants using MARS
spectral CT, Australia and New Zealand Orthopaedic Research Society (ANZORS), Proceedings of
the 21st Annual Scientific Meeting, Auckland, New Zealand, October, 2015. (Conference proceed-
ing)
N. Schleich, S. Bell, S. Midgley, R. Aamir, J. Mohr, J. Healy, K. Rajendran, A. Butler, N. Anderson
and P. Butler, Spectral CT imaging: A non-invasive technique for studying composition and func-
tion of tissues, Proceedings of Combined Scientific Meeting Imaging and Radiation in Personalised
Medicine, Journal of Medical Radiation Sciences, September 2014. (Conference proceeding)
Contributions
I contributed to the experimental planning, all the MARS scans and data processing. Reconstruc-
tions were performed using MARS-ART developed by Niels Ruiter, University of Otago, Christchurch,
New Zealand. The scanner was calibrated using methods developed by Mike Walsh and Raj Panta,
University of Otago. The samples were provided by Seamus Tredinnick and Tim Woodfield, Uni-
versity of Otago. µCT scanning was performed at Auckland Bioengineering Institute, University of
Auckland.
7.6 Summary
• Metal artefact reduction for metal implant imaging was demonstrated through high energy
acquisition using MARS multi-energy CT.
• Noise due to low photon counts in high energy images was reduced using frequency-split
image denoising technique.
• Different small implant samples and additive-manufactured scaffolds were imaged using MARS




This chapter summarises the results of this thesis in relation to the research aims and objectives.
The concluding section of this chapter provides an outlook and future direction of how this research
work may be extended.
8.1 Summary
In Chapter 3, the need for an image denoising technique for MARS data was discussed. A generic
image denoising technique (frequency split image denoising) was presented to solve the problem
of image noise with examples from atheroma and contrast media samples imaged using MARS.
The algorithm was tested for data from different detector types used in the MARS scanners, and
noise reduction was demonstrated with spatial and spectral preservation in the data. The denoising
technique can be readily extended to a current clinical dual-energy CT system. This was outside
the scope of this thesis, and hence was not pursued. Also, with commercial dual-energy CT, it is
sometimes difficult to obtain access to the projection data to apply FSID.
The denoising technique is currently used in the commercial release of MARS software (covered
under a provisional patent), and is being used by MARS users in their research. At the time of
the start of my PhD, image noise was a major hindrance in multi-energy data obtained from silicon
and gallium arsenide detectors. This was mainly due to poor detection efficiency of those semicon-
ductor materials. MARS-ART implementation has been incrementally improved over the duration
of my PhD by Niels de Ruiter (University of Otago, New Zealand) that can now produce low noise
reconstructions.
Chapter 4 demonstrated the use of component analysis techniques for multi-energy image segmen-
tation. The reseach question addressed here was related to whether an existing image segmentation
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framework can be improved for specific applications of MARS spectral CT. ICA was introduced in
the context of a hybrid spectral-CT setup and image segmentation was demonstrated in contrast
phantoms. A training-based PCA framework was introduced and image segmentation was demon-
strated in contrast phantom and additive-manufactured strontium bioglass scaffold. The PCA-based
segmentation was integrated with the MARS-MD software to obtain material quantified images.
While the development of a material reconstruction algorithm is an ongoing investigation in the
MARS project, component analysis techniques like PCA and ICA have a wide range of applications
including image classification in x-ray radiographs [71], MARS CT reconstructions (chapter 4) and
material images. The future direction of this research will be in computer-aided diagnosis. In the
context of MARS research, information from material images (density, volume, structure) can be re-
lated to pathophysiological conditions, and a classification system to identify normal and abnormal
composition of tissue types and contrast media can be enabled using component analysis methods.
The methods developed in this chapter were successfully disseminated to other groups (Virginia
Tech, USA, and Notredame, USA) collaborating with MARS project.
In Chapter 5, a K-edge hiding concept that is encountered in contrast imaging was hypothesised and
experimentally verified. The research question addressed here relates to K-edge imaging involving
iodine and gadolinium-based contrast media encountered in clinical practice. The observations
and verification of the existence of a minimum concentration below which K-edge of materials is
not visible in the observed signal improved the understanding of basis material decomposition.
Contrast pharmaceuticals with K-ege elements such as iodine, gadolinium or gold is used in cardio-
vascular imaging, orthopaedic imaging, and neurovascular imaging. With MARS aimed at clinical
multi-energy imaging, this work provided a prior understanding of K-edge imaging using contrast
pharmaceuticals. The immediate clinical significance of this work is the demonstration of basis
decomposition in extracting K-edge information of materials which is not possible using subtraction
techniques.
In Chapter 6, the potential of MARS in quantifying contrast media relating to cartilage health was
demonstrated. This preclinical research was aimed at overcoming the limitation of conventional
CT in differentiating and quantifying cartilage and subchondral bone. The use of equilibrium par-
titioning principle that exploits negative charge of glycosaminoglycans in the extracellular matrix
of cartilage enabled direct quantification of iodine (inverse marker of GAG) using multi-energy CT
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methods. Though further research is required before this technology can be translated to clinical
practice, this chapter presented a proof of principle for quantitative cartilage imaging using MARS.
Early detection of cartilage damage, treatment monitoring, and evaluation of cartilage repair strate-
gies are potential applications of this methodology.
Chapter 7 demonstrated the experimental study on beam hardening effects in multi-energy CT
imaging of metal samples. High energy acquisition using MARS enabled artefact reduction in
imaging of small implant samples and 3D printed scaffolds. Using high energy quanta for arte-
fact reduction is a well-known practice in clinical single-energy and dual-energy CT. Clinical MAR
(inpainting-based metal artefact reduction) for single energy CT have reported limited success in
reducing metal artefacts, and dual-energy methods come at a cost of increased x-ray dose. Photon-
counting detectors offer direct ways to measure high energy quanta (via energy binning), and at a
single exposure. This demonstrated that high energy imaging using MARS can potentially lead to
reduced metal artefacts. By applying FSID to high energy images of metal samples, it was shown
that a reduction in metal artefacts and image noise can be achieved. The clinical application of
this methodology when a human MARS scanner is available will be in assessing biological fixa-
tion of orthopaedic cementless prostheses, evaluation of loose implants, and assessing infection in
peri-implant tissues.
The chapters of this thesis have been successfully disseminated in the form of journal articles, a
book chapter, conference proceedings, oral and poster presentations at scientific forums, and have
initiated new collaborations with industries and universities as described in Scientific contributions
on page 3.
8.2 Conclusions
The aim of this thesis was to investigate MARS spectral CT technology for orthopaedic applications.
In the process, image denoising and image segmentation techniques crucial to preclinical imaging
were developed, the application of which spanned other areas of preclinical spectral CT research
such as atheroma imaging, contrast imaging and hybrid-CT. The investigation has its limitations.
Firstly, MARS is a small-animal modality and a one-to-one translation to human spectral-CT war-
rants further investigation. Like any novel medical technology, a thorough investigation both on
the technological aspects (detector physics, mathematics of CT reconstruction and material decom-
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position, image processing) and the clinical aspects (suitable contrast pharmaceuticals, dosimetry,
spatial resolution demanded by certain clinical applications) is crucial before the technology can be
put into clinical practice. In particular, the detector technology is progressively evolving with spe-
cific improvements for clinical imaging. Spectral CT is increasingly becoming popular for clinical
and industrial applications due to the diagnostic benefits it offers. This thesis is a demonstration
of its abilities in a preclinical setup for orthopaedic imaging, in particular, additive-manufactured
scaffolds, implant imaging, and osteoarthritis.
For imaging and characterisation of additive-manufactured scaffolds for research purposes, high
spatial resolution is required. The current MARS setup offers voxel sizes of 80 to 100 µm3, and
for translation to human scale, this resolution is still higher than current CT scanners (≈ 500
µm). If higher spatial resolution is demanded for tissue-engineering and additive-manufacturing
research, it can be achieved using a different gantry setup. There are other research groups in
the Medipix collaboration that have developed µCT and microradiography setups using photon-
counting detectors for high resolution imaging [95]. Therefore, the same technology can be applied
to high resolution bench top µCT imaging.
For implant imaging using spectral CT, high energy imaging for reducing metal artefacts was
demonstrated. However, the focus was on beam hardening related artefacts, while clinical CT scan-
ners also suffer from artefacts due to scatter. This requires further investigation in the pathway
to human MARS scanners. Current investigation in the MARS project, as mentioned earlier is to
enable direct material reconstruction. By incorporating beam hardening and scatter into the recon-
struction algorithm, it is expected that the metal artefacts arising from CT reconstruction of metal
implants can be eliminated. However, for current preclinical applications involving metal samples,
this thesis demonstrated a proof of concept in reducing beam hardening related CT artefacts in
multi-energy CT.
Better diagnosis of osteoarthritis can be enabled by combined characterisation of cartilage and
subchondral bone. While this thesis showed GAG in cartilage can be evaluated using a contrast
media, subchondral bone undergoes distinct changes during osteoarthritis that can be used as an
early indicator for onset of osteoarthritis. This information is already available (bone density and
structure) as presented in this thesis and can be used to develop a grading system for subchondral
bone. This can include bone microarchitecture, bone density and bone volume to enable better
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diagnosis of different forms of osteoarthritis.
8.3 Outlook
The chapters of this thesis can lead to further investigations and preclinical applications in the
translational phase to human MARS scanners. The image denoising technique developed in this
thesis could be easily extended to dual-energy CT if required. The material segmentation methods
using component analysis techniques will be superseded by the material reconstruction technique.
However, the classification technique can still be applied in computer-aided diagnosis post material
reconstruction. A potential area where this could be applied is cartilage imaging, where, once GAG
vs. contrast density relationship is established, a component anlysis based classification system can
be trained to differentiate disease processes, and evaluate cartilage health.
For preclinical/clinical applications, cartilage imaging in particular, an extensive study on MARS
imaging of cartilage is crucial. A relationship between contrast density in cartilage and cartilage
health should be established by studying a wide range of normal and pathological samples/specimens.
It is also expected that the availability of a material reconstruction technique that incorporates the
various properties of spectral CT such as scatter, beam hardening, charge sharing, and pulse pile up
effects, will substantially improve detection limits of contrast media, and diagnostic image quality.
The chapter on strontium imaging has seeded an investigation on new bone formation in osteoporo-
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ADDITIONAL MARS MULTI-ENERGY IMAGES
A.1 Chapter: Reducing metal artefacts using MARS
The following figures show the subtracted and unsubtracted reconstructions for the Ti-phantom and Ti-screw samples.
This is provided to enable independent assessment of artefacts in wide energy bins and narrow energy bins at the energy
thresholds chosen for this study.
Fig. A.1: Multi-energy reconstructions from the Ti-phantom scan. The left column shows unsubtracted bins
and the right column shows subtracted bins. Cupping effect increases in narrow low energy images at [20-
40] keV and [40-60] keV compared to the unsubtracted wide energy image at [20-120] keV. The cupping effect
is quantified using the metal standard deviation (σ) in the line profile. Both [80-120] keV and [60-80] keV
images show reduced cupping effect.
135
Fig. A.2: Multi-energy reconstructions from the Ti-screw scan. The left column shows unsubtracted bins and
the right column shows subtracted bins. Severe streak artefacts could be seen in the [20-30] keV image. The
[70-120] and [50-70] keV images show the least streak artefacts and better metal homogeneity in the screw
region as shown in the coronal view. Scale bar = 6.3 mm.
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